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Abstract
Science fiction writers have been dreaming of homes that can understand our preferences, 
assist our daily chores and teach us to be healthier, more sustainable and more 
knowledgeable. While we are still far from achieving this dream, the recent development 
of mobile devices, wearable interfaces, smart home appliances, and machine learning offer 
unprecedented opportunities for homes to better understand our goals, preferences and 
contexts, as well as to facilitate our everyday tasks and decision making. These recent 
advancement open a new possibility to create homes beyond simple automation: they 
enable creation of homes to coach us to achieve our better selves. That is, homes that are 
not just smart, but wise as well. 
However, to develop a wise home, there are still two key questions: How can a wise home 
coach its occupants while considering their different goals and needs? How can a home 
integrates emerging sensors, devices and interfaces to better understand their goals, 
preferences and contexts in order to support coaching? To answer these two questions, in 
this dissertation I use residential heating and cooling control as a lens to advance the 
development of wiser homes.  
Based on the three studies conducted, this thesis provides three contributions. First, I show 
that we can integrate a diverse class of emerging devices, including mobile phones, 
smartwatches, in-home sensors and home appliances to capture important user contexts, 
such as individual preferences for thermal comfort. The integration of these emerging 
devices enables a home to better coach its occupants and potentially better support 
automation. Secondly, I show that mixed-initiative interaction is an effective approach in 
the design of a wise home, and further propose four design strategies to support mixed-
initiative homes, namely, lightweight dialogue, proactive coaching, guided 
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experimentation and mutual-learning. Finally, I demonstrate a novel system that 
integrates the above-mentioned strategies to support the development of wise homes, 
facilitating home occupants to identify actions to achieve a better balance between their 





"With a bronze mirror, one can see whether he is properly attired; with history as a mirror, 
one can understand the rise and fall of a nation; with men as a mirror, one can see whether 
he is right or wrong. Now I’ve lost my faithful mirror with the death of Wei Zheng” - Emperor 
Taizong, Tang Dynasty.1   
1.1 The Dream of a Wise Home  
Hollywood film makers and novel writers have dreamed of a future where our homes can 
carefully adapt to our needs: they can assist our daily chores, help us to live healthier, be 
more comfortable and sustainable, and facilitate learning and positive family relationships. 
The movie 1999 A.D. House of Tomorrow, released in 1967, embodies such a dream. It 
depicts vignettes of human desires bond with our home spaces: as a person sits on a coach 
to read, the home quietly adjusts the lighting, heating, and cooling to fit her needs. As 
another resident lies on a lounge chair in a home gym, the home scans his body and 
suggests some exercises to do. The home also serves as a private tutor to a child, among 
many other capabilities.  
This futuristic home, as depicted in these vignettes, is quite intelligent in many aspects. It 
communicates with occupants to encourage them to engage in healthy behaviors. It 
accurately senses the activities of occupants (e.g., reading on a couch) and controls 
 
 
1 From The Old Book of Tang, https://en.wikipedia.org/wiki/Old_Book_of_Tang 
 
 2 
multiple appliances to achieve a goal (e.g., heating and lighting). It has the power to 
reason appropriate actions to take and suggestions to make; instead of passively 
responding to user requests, it uses its own morals to offer guidance. Integrating all these 
capabilities, the home helps its occupants achieve different levels of needs: being safe, 
healthy, sustainable while comfortable, and knowledgeable.  
In some senses, this home is just like a wise minister (Wei Zheng) to an ancient Chinese 
emperor (Tang Emperor Taizong) –– it carefully facilitates positive behaviors in the 
occupants while knowing that it is not the lord of the house. That is, to succeed, the home 
must respect the feelings and needs of its occupants. As Wei Zheng is often described as a 
wise sage, it may be more appropriate to call such an intelligent home a wise home, rather 
than just a smart home.  
What, then, separates a wise home from a smart home? Continuing with Wei Zheng as a 
metaphor, a wise minister carries two important traits in Chinese history that can be 
described in two idioms: cha yan guan se (), and shan yu jin jian (). The 
former idiom means “good at reading people”, and the latter means “skillful at offering 
advice to superiors", often in the form of persuading them to consider the overall situation 
in making a right choice, rather than merely individual benefits and drawbacks. Drawing 
parallels between homes and a minister or counsel, a wise home needs to be good at 
reading its occupants’ preferences, goals, emotions and other contexts. Furthermore, based 
on these readings, a wise home should provide appropriate advice to its occupants, helping 
them engage in positive behaviors that considers the overall situation while respecting 
their desires. In the context of Chinese imperial rule, a minister may be punished or 
demoted if an emperor did not like his advice, whether due to the content of the advice, 
how it was framed, or the emperor’s specific relationship with the minister. While an 
occupant cannot punish or demote a home, inappropriate advice may lead to 
abandonment of certain technologies or decreased trust in them. Therefore, different from 
a smart home, of which Brush et al. (2018) define as “[a home that] consists of a set of 
connected devices and software that can automate and control these devices”, a wise home 
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is a home that can further integrate these connected devices and software to understand 
occupants’ goals, preferences, contexts and to support coaching.  
What is considered right or wrong is a very challenging topic to discuss. In this work, I 
used the Ethics Guidelines for Trustworthy Artificial Intelligence (AI) 2–– released by the 
European Union's High-Level Expert Group on AI –– as a starting point to design a wise 
home. One of the guidelines suggests that AI should be designed to support “societal and 
environmental well-being”, including being sustainable and environmentally friendly, as 
well as taking into account “the environment, including other living beings, and their social 
and society impact”.  
1.2 Waves of Smart Homes 
Despite the claims of the 1967 film, researchers did not achieve such a dream by the actual 
year 1999. Three problems hindered their progress towards a wise home. The first problem 
was a lack of interoperability among home devices. Although more objects and appliances 
were embedded with computer chips to enable new functionalities, they used varied 
communication protocols: X103, Zigbee4, Zwave5, PLC6, Bluetooth7, to name a few. It was 
almost impossible for different devices, made by different vendors, to talk to each other. 
Another problem was a lack of computing power. Even though many home objects were 
increasingly embedded with computer chips, these chips were still quite limited. It was not 
 
 
2  Ethics guidelines for trustworthy AI: https://ec.europa.eu/digital-single-market/en/news/ethics-
guidelines-trustworthy-ai 
3 X10: https://en.wikipedia.org/wiki/X10_(industry_standard) 
4 Zigbee: https://en.wikipedia.org/wiki/Zigbee 
5 ZWave: https://www.z-wave.com/ 
6 Power-line communication (PLC): https://en.wikipedia.org/wiki/Power-line_communication 
7 Bluetooth: https://www.bluetooth.com/ 
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possible to run advanced algorithms, such as machine learning models, on these objects 
to support more advanced interactions. Finally, the third problem was poor user interface 
medium available then. For a wise home to have an appropriate dialogue with its residents, 
it must communicate with them at appropriate moments. However, the interface of homes 
at the time –– usually a wall-mounted panel near the doorway –– was bulky, not 
communicative, and unable to attract users’ attention when needed.  
However, these barriers are lifted now. Lately, we have seen a new wave of devices joining 
our home spaces that offer superior interoperability. For example, the SmartThings hub8 
now integrates ZWave, Zigbee and Bluetooth in one box, and standardizes all 
communication with external services to HTTP. This allows easy communication between 
any devices and services that leverage ZWave, Zigbee, Bluetooth, WiFi and HTTP as 
protocols. In addition, by allowing a device to access the Internet, this new wave of devices 
can access enormous computing power available in the cloud, running advanced 
algorithms with minimal delay. Moreover, as smartphones, smartwatches, and smart 
speakers become increasingly prevalent, together they form a ubiquitous medium for a 
home to interact with its occupants at opportune moments. Thus, we live in an era with 
unprecedented opportunities to advance research on home automation and advance our 
dream of a wise home.  
The Nest learning thermostat is an excellent representation of this new wave of smart 
home applications. It combines several entities –– including smartphones and their GPS 
sensors, temperature sensors in different rooms (Nest Temperature Sensor9), thermostat, 
 
 
8 SmartThings: https://en.wikipedia.org/wiki/SmartThings 





machine learning, and the cloud –– to facilitate heating and cooling control that better 
balances occupants’ comfort and savings (financial or energy). It is marketed to learn 
about residents' setpoint preferences for different times of day, and to automatically 
respond to people’s occupancy status (i.e., at home or away). Many other similar systems 
were studied in the literature (Gupta, Intille, & Larson, 2009; Koehler, Ziebart, Mankoff, 
& Dey, 2013; Lu et al., 2010; Scott et al., 2011), which shows that they increase savings 
by around 7-28%, and in some cases, increase comfort as well.  
1.3 New Issues Emerged 
However, as researchers started to build smarter homes based on these new technology 
foundations (i.e., better interoperability, interface, and intelligence), new problems 
emerged. Despite the abilities of these new applications and devices to leverage multiple 
sensors in capturing human contexts to drive automation, there are still hidden variables 
that make inference and learning difficult. For example, researchers found that the Nest 
thermostat’s lack of understanding the intention of temperature adjustments can lead to 
inappropriate learning (Yang & Newman, 2013; Yang, Newman, & Forlizzi, 2014). For 
example, a person may adjust the temperature due to having parents staying with her for 
a few days. However, this does not imply that she always prefers this setting. Users’ 
preferences can be quite nuanced (meaning user preferences are very contextual and 
situated, they can change given many different factors), and human routines can be 
equally dynamic (meaning there may not be much regularity in daily life, and routines can 
vary by time and season). These constraints make it challenging to design a wise home.  
The above-mentioned issues are further worsened by the invisibility assumption 
underpinning many of these new technologies. That is, the assumption that these smart 
home technologies should work silently in the background to complete tasks on our behalf 
(Bellotti & Edwards, 2001). However, due to the lack of expectations on users to engage 
with these technologies, occupants are not able to identify errors when they happen, and 
thus not able to fix those errors in a timely fashion. Researchers have criticized this 
assumption and proposed an alternative design paradigm: technologies should be 
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designed to better engage with users and better encourage engagement at specific 
moments (Rogers, 2006). For example, Yang et al. (2014) find that people that are more 
engaged with their Nest learning thermostats over a long period of time configure their 
thermostats more appropriately. This, in turn, lead to better savings and comfort. They 
therefore called for learning thermostats that can better sustain engagement with 
residents.  
Furthermore, current smart home devices are limited to support tasks that can be achieved 
via simple trigger-action automation. For example, the Nest thermostat will trigger a 
setback temperature when occupants are away from home. However, to achieve a wise 
home, a home also needs to persuade its occupants to engage in positive behaviors. 
Although in the past decade there has been considerable work on smart homes that aims 
to encourage behavior change by offering behavior feedback (such as feedback on energy 
usage [Froehlich, Findlater, & Landay, 2010] and exercise time [Bentley et al., 2013]), 
these feedback devices had limited success in motivating people to take concrete actions. 
Being able to view previously hidden patterns does not necessarily lead to real actions 
(Pierce & Paulos, 2012; Pierce, Schiano, & Paulos, 2010).  
1.4 Adopt Mixed-initiative Interaction in Smart Home Design 
To address the issues mentioned previously, recently researchers have started to adopt 
mixed-initiative interaction in the design of a smarter home. While there are multiple 
definitions of mixed-initiative interaction (Allen, Guinn, & Horvitz, 1999; Cohen et al., 
1998), in this thesis we focus on Horvitz’s notion (Allen et al., 1999; Horvitz, 1999), in 
which an artificial agent can initiate different actions associated with different degrees of 
autonomy (Goodrich & Schultz, 2008) based on its understanding of user goals and 
contexts. For example, an artificial agent may support automation when it has full 
confidence of user goals and contexts, and retreat to offering suggestions when it only has 
partial information. It may invite direct control from users in some situations as well. 
Under this framework, the artificial agent and the users are engaging in a dialogue to 
achieve tasks together.  
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Mixed-initiative interaction is essential to the design of a wise home for two reasons. First, 
although new technologies provide a home with unprecedented opportunities to 
understand occupants, it would still be challenging for such a home to act appropriately 
on behalf of the occupants all the time; even humans have trouble doing so (Bellotti & 
Edwards, 2001). Since mixed-initiative interaction views the interaction between users 
and systems as a dialogue, it allows a smart system to converse with its users to cope with 
variables and contexts that are hidden from the system. Further, as mentioned previously, 
a wise home is also a home that offers advice to help occupants engage in positive 
behaviors, in addition to supporting automation. Mixed-initiative interaction allows a 
home to encourage positive behaviors through a conversation.  
ThermoCoach (Pisharoty, Yang, Newman, & Whitehouse, 2015) is a representative work 
that leveraged mixed-initiative interaction in the design of smart home applications. It is 
a smart thermostat system that can coach occupants about potential temperature 
schedules to use that can lead to better savings while not hindering their comfort. Based 
on occupancy sensing, ThermoCoach offers different suggestions of temperature schedules 
with different comfort and savings tradeoffs. Preliminary studies suggest (Yang, Pisharoty, 
Montazeri, Whitehouse, & Newman, 2016) that a mixed-initiative system like 
ThermoCoach can encourage occupants to explore alternative options in decision making, 
helping them achieve a better balance between their various goals (e.g., comfort and 
savings).  
1.5 Research Questions  
However, studies on mixed-initiative homes is still quite limited. We do not yet know what 
possible actions a mixed-initiative home can take. How can a home employ mixed-
initiative interactions to coach its occupants? What are the possible strategies for coaching? 
How can such a home learns about occupants’ preferences and uses this information to 
offer personalized coaching?  
Moreover, compared to pure-software agents such as movie recommenders, these smart 
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home agents impose a different class of risks as they attempt to learn about user goals and 
preferences and act on behalf of users. Instead of just affecting the digital realm, smart 
homes nowadays can control physical environments through varying temperature, lighting 
(M. C. Mozer, 1998), energy distribution (A. J. Brush, Krumm, Gupta, & Patel, 2015), time 
to start laundry machines (Bourgeois, van der Linden, Kortuem, Price, & Rimmer, 2014), 
and many other interventions. For example, instead of merely suggesting a bad movie, a 
smart home agent can cause occupants to feel physically uncomfortable (e.g. too cold or 
too hot) as it tries to learn about their preferences on indoor temperature. How to design 
this class of agents with different risk characteristics remains a challenging question.  
1.6 Thesis Statement 
In this thesis, I argue that lightweight dialogue, proactive coaching, guided 
experimentation and mutual-learning are four effective strategies to support the design of 
mixed-initiative homes, leading a home to achieve a more optimal balance between 
various human and system goals.  
• I define “lightweight dialogue” as the use of ubiquitous interfaces, such as 
smartwatches, to offer brief suggestions, quickly remediate errors, and collect user 
feedback in a low-burden fashion.  
• “Proactive coaching” refers to a strategy in which a home can actively provide an 
anchor action that facilitates positive behaviors, such as an action or suggestion that 
increases sustainability.  
• “Guided experimentation” is defined as an approach in which a home can 
facilitate occupants’ exploration and evaluation of multiple potential solutions in 
parallel, particularly in domains where occupants do not yet know the best answer 
or can be biased by preconceived opinions.  
• “Mutual-learning” refers to an approach in which a home supports its occupants’ 
learning while it learns about their goals, preferences, and context patterns.  
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1.7 Thesis Approaches 
In this thesis, I used adaptive heating and cooling (a sub-area of the smart home) as a lens 
to advance research on mixed-initiative homes. This thesis started from the observation 
that the increasingly available consumer-grade devices, including smartwatches and low-
cost indoor sensors, provide an opportunity to advance the dream of wise homes: creating 
an adaptive heating and cooling system that can understand our individual comfort 
preferences and coach us to be sustainable while respecting our comfort needs. New 
smartwatches equipped with physiological sensors allow a home to potentially infer our 
thermal comfort and activity patterns in unprecedented ways. They also offer a lightweight 
interface for a home to interact with us at appropriate moments. Given these emerging 
technologies, we can create a wiser thermostat that I term “comfort-aware eco-coaching 
thermostats.” That is, thermostats that can understand each occupant’s comfort 
preferences and sensations, and use such information in conjunction with other context 
sensing to coach people to be more sustainable while respecting their comfort needs.  
My dissertation work progressed in three phases: 
In the first phase, I started from understanding the feasibility of sensing occupants’ thermal 
comfort at home through consumer-grade sensors and via lightweight interfaces. I 
developed and deployed an experimental smart home system equipped with wearable and 
indoor sensors and conducted an experience sampling study. The central questions for this 
phase were: 1) how accurate could a smart home infer its’ occupants’ comfort level? 2) 
what were the challenging situations for a home to infer it’s occupants’ comfort? The result 
of this study showed that it is promising to leverage consumer-grade devices to infer 
thermal comfort –– my system reached a 0.77 Mean Absolute Error on a 5-level thermal 
comfort scale in inferring occupants’ comfort, superior to previous comfort modeling 
approaches.  
However, we also found that there are situations that were challenging for a smart home 
system to infer thermal comfort, such as when people were sick or when they were affected 
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by local heat sources (e.g., a laptop on a person’s lap). Therefore, although we could 
achieve reasonable inferences by integrating various off-the-shelf devices, the uncertainty 
of nuanced user preferences and hidden variables necessitate further design considerations. 
This led to the question: could a smart home leverage such imperfect but potentially 
valuable comfort inferences to help people achieve better balance between savings and 
comfort?  
In the second phase, I attempted to answer the above-mentioned question. Could comfort 
inferences add values to smart thermostats? To address this, I mapped out the design space 
of comfort-aware eco-coaching thermostats by reviewing trends and insights of heating 
and cooling systems in Human-Computer Interaction. To combat imperfect inferences, I 
focused on investigating mixed-initiative interaction as an approach to design comfort-
aware eco-coaching thermostats. I drew upon prior literature to distill key design 
dimensions, created 15 design ideas to illustrate key points in the design space, and 
conducted a user enactment study to probe the feasibility of these design ideas.  
The study showed that there are several possible means to use such comfort inferences. 
For example, a thermostat may keep track of a person’s comfort score based on 
accumulated results of comfort inferences, and then use such a score to trigger proactive 
coaching suggestions, such as encouraging occupants to lower the heating temperature by 
1°F for an evening to increase savings. However, our findings also showed that there is no 
one-size-fits-all design –– people have different degrees of acceptance to these designs due 
to their different attitudes toward smart thermostats, and their different expectations on 
having user control. Personalization and customization are thus needed.  
The studies conducted in these two phases also led to two insights that drove the third 
phase of investigation. First, for a home to better learn about user comfort preferences, it 
has to more actively alter the indoor temperature to probe an occupant’s preference under 
different contextual conditions. Second, people often do not know about the best setpoints 
to use at different times of day, especially considering multiple members in the household. 
As the thermostat learns about people's comfort preferences, it should also support them 
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in learning about their preferences. For users that desire more control, this knowledge can 
facilitate human-AI collaboration and manual control.  
These two insights thus led to the third phase of the investigation. In the third phase, I 
built and deployed a comfort-aware eco-coaching thermostat that employs guided 
experimentation and mutual-learning as its mixed-initiative interaction strategies to coach 
occupants. The study showed that comfort-aware thermostats can use experimentation to 
help their occupants identify setpoints that can better satisfy their collective comfort needs. 
It can also help the occupants to better collaborate with the system. Furthermore, this 
study demonstrated that supporting mutual-learning is beneficial to both user-learning 
and agent-learning. In summary, through this study, I showed that guided experimentation 
and mutual-learning are two effective strategies to support mixed-initiative interaction.    
1.8 Thesis Contributions 
In summary, this thesis makes three contributions: design principles contribution, sensing 
contribution, and system contribution. 
• Design principles contribution: I show that lightweight dialogue, proactive 
coaching, guided experimentation, and mutual-learning are four effective strategies 
for mixed-initiative homes to interact with their occupants.  
• Sensing contribution: I demonstrate that by integrating emerging consumer-grade 
wearable and indoor sensors, we can achieve superior inferences on individual 
thermal comfort compared to prior comfort modeling approaches.  
• System contribution: I show that a mixed-initiative home, which employs the four 
above-mentioned mixed-initiative strategies, can be built and used in typical 
residences. Such a home fuses data from multiple classes of sensors to obtain a 
better picture of user preferences, uses ubiquitous interfaces to support lightweight 
dialogue between occupants and users, and leverages mixed-initiative interaction 
to coach occupants. 
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Chapter 2. Background 
Smart homes, broadly defined as homes that “consist a set of connected devices and software 
that can automate and control these devices” (A. J. Brush et al., 2018) have been an active 
area of research over the past few decades. Testbeds of smart homes were constructed to 
study their infrastructure, intelligence, services and everyday usage. To name a few, The 
Aware Home (Kidd et al., 1999), House_n (S.S. Intille, 2002) and The Neural Network (M. 
C. Mozer, 1998) are well-known examples.  
Unlike the predominant devices and software created for the workplace, our vision of 
smart homes are often tinctured with a desire of refuge ⁠10 –– the desire of a shelter that 
protects us from danger or distress. Thus, beyond increasing efficiency and productivity, 
the devices and software created for homes are often envisioned to also “increase the 
comfort of [their] inhabitants in things they already do or enable functionalities that were 
not possible before through the use of computing technologies” (Mennicken, Vermeulen, & 
Huang, 2014). Such functionalities can range from supporting independence (e.g., Mynatt, 
Rowan, Craighill, & Jacobs, 2001), healthy living (e.g., Adib, Mao, Kabelac, Katabi, & 
Miller, 2015; Kay et al., 2012), family togetherness (e.g., Dong, Newman, Ackerman, & 
Schoenebeck, 2015), to sustainability (e.g., Koehler, Ziebart, Mankoff, & Dey, 2013).  
Through these various applications deployed in smart home testbeds and in-the-wild, 
researchers have deepened our understanding of domestic computing, uncovering insights, 
 
 
10 Prospect-refuge theory. https://en.wikipedia.org/wiki/Jay_Appleton 
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design principles, and opportunities of smart homes (Bellotti & Edwards, 2001; A. J. B. 
Brush et al., 2011; Davidoff, Lee, Yiu, Zimmerman, & Dey, 2006; Edwards & Grinter, 2001; 
Grinter, Edwards, Newman, & Ducheneaut, 2005; Mennicken et al., 2014). For example, 
researchers argue that unlike the rendering of full-fledged smart homes in popular press 
and science fiction, in reality, our homes evolve to be smart gradually and accidentally 
while parts of the homes remain dumb (Edwards & Grinter, 2001). Therefore, systems and 
services designed with a mindset of gradual adoption –– such as to provide immediate 
value with the installation of one device rather than a network of devices –– are more 
likely to succeed commercially. Similarly, this insight encourages researchers to evaluate 
smart home innovations through deployment in-the-wild, i.e., in participants’ existing 
homes, rather than expecting inhabitants to parachute in full-fledged smart homes (A. J. 
B. Brush et al., 2011).  
In addition to the insights generated, the advancement of smart home research has 
successfully pushed two waves of commercial products, moving smart homes from 
research labs to the public (A. J. Brush et al., 2018). In the 2000s, there was a burgeoning 
of everyday devices embedded with digital screens, ranging from digital frames to 
Internet-connected refrigerators. Around 2015, another wave of products has been 
enabled by the maturation of deep learning (e.g., speech recognition), cloud computing 
and mobile computing. Products such as smart thermostats (e.g., Nest Thermostat), 
security cameras (e.g., NestCam11), smart door locks (e.g., August Smart Lock12), smart 
home hubs (e.g., SmartThings), and smart speakers (e.g., Amazon Echo13) are touted to 
revolutionize domestic lives.  
 
 
11 Nest Cam Indoor: https://en.wikipedia.org/wiki/Google_Nest#Nest_Cam_Indoor 
12 August: https://en.wikipedia.org/wiki/August_Home 
13 Amazon Echo: https://en.wikipedia.org/wiki/Amazon_Echo 
 
 14 
2.1 From Today’s Smart Homes to Tomorrow’s Wise Homes 
Despite the advancement of smart home technologies over the past decades and their 
commercial success, we have only begun to understand the design of homes that are 
augmented with AI. The current development of smart homes still falls short of its potential. 
While the mainstream vision often depicts a future where smart homes can automate all 
house chores for us, many researchers criticize this vision as inappropriate: it encourages 
occupants to be dumber as the home becomes smarter. Instead of solely supporting 
automation, in this thesis, I propose the notion of wise homes: homes that function as wise 
ministers to encourage positive behaviors while respecting the needs of occupants. Some 
prior work shares pieces of this vision, and serves as the foundation for developing such 
wise homes. For example, Intille (2002) argues that the ultimate goal of a smart home is 
not to fully replace human labor, but to teach people to be “smarter” –– to be more 
sustainable, healthier and knowledgeable. Perhaps one scene that best captures this vision 
is shown in the movie 1999 A.D. House of Tomorrow (Madden, 1967). As the protagonist 
sits on a lounge chair in his home gym, a computer scans his body and suggests exercises 
to do that would balance his food intake. Although in the movie the framing of the 
suggestion and the way the computer interacts with the protagonist is quite unintelligent, 
it does represent a wiser home that not only automates tasks but also tries to coach people 
to achieve their better selves.  
In order to achieve this vision of wise homes, we still need to improve two aspects of smart 
homes. The first aspect is to design homes that do not merely accept and execute 
commands, and do not merely perform simplistic trigger-action automation. To create 
wiser homes, these homes also need to inform, coach and persuade people to help them 
become better persons. Currently, the commercial products of smart homes tend to be 
passive in accepting the commands of users or simply allowing remote access to 
information (e.g., security camera). These smart homes lack the capability to help 
occupants achieve their high-level goals, such as being sustainable and healthy. While 
researchers have been exploring persuasive technology in the context of homes, existing 
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research is mostly constrained to feedback devices that display previously hidden 
information such as detail energy consumption (Froehlich et al., 2010). However, research 
has shown that offering feedback is insufficient to drive actions and facilitate positive 
behavior change (Pierce & Paulos, 2012; Pierce, Schiano, et al., 2010). We still need to 
investigate homes that can actively guide and coach users, researching the appropriate 
coaching strategies beyond offering feedback. 
Further, to facilitate coaching, we need homes to better understand their occupants’ 
context and preferences (M. C. Mozer, 2005). Such an understanding should also be 
achieved through an approach that is affordable, easily-deployable, user-friendly and 
respectful of people’s privacy to ensure large-scale adoption. In some sense, this is not too 
different from the vision of home automation, of which the goal is to develop homes that 
better automate tasks based on a deeper understanding of context. However, a wise home 
would also need to obtain context and user preferences that can assist coaching, not just 
to assist automation.  
Although research has made significant progress in deep learning that enables smart home 
applications to better understand speech, natural language and visual scenes such as face 
detection, many state-of-the-art sensing solutions are still inappropriate for home settings 
due to invasion of privacy, high cost of ownership, and high complexity of deployment. 
For example, many state-of-the-art activity recognition solutions rely on deep-learning-
based computer vision, while people generally consider camera-based solutions to be 
privacy-invasive at home (Caine et al., 2011; Choe et al., 2012; Neustaedter, Greenberg, 
& Boyle, 2006).  
Further, current smart home systems still fail to infer contexts and preferences that depend 
on sparse, subjective and in-situ feedback from end users. For example, individual 
preference of thermal comfort is a context that can be valuable for developing personalized 
thermostats (M. Feldmeier & Paradiso, 2010); Similarly, human interruptability can be an 
essential context for a home to reason when to proactively engage with users (Turner, 
Allen, & Whitaker, 2015), thus identifying better opportunities for coaching. To infer and 
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learn these contexts and preferences, a system often needs to ask for users’ subjective 
feedback multiple times a day over multiple weeks to collect sufficient ground truths to 
perform modeling. One common labeling solution is to use video camera or supplementary 
sensors to collect traces that can then be labeled by the users themselves or by other people 
(Vondrick, Patterson, & Ramanan, 2013). However, this approach is burdensome for end 
users and can be privacy-invasive if using other people to label the sensor traces. In some 
cases such as comfort, it is also impossible for end users to recall their comfort level in a 
post-hoc fashion –– people often forget how they feel at a particular moment. This learning 
process thus requires a different set of tools than the tools for developing most of today’s 
deep learning algorithms (Stephen S. Intille, Bao, Tapia, & Rondoni, 2004) –– of which a 
third party crowd can be hired to objectively label a large amount of insensitive data. Due 
to the nature of these contexts, existing crowdsourcing data labeling techniques that power 
deep learning algorithms become insufficient, and require significant improvement.  
2.2 Mixed-Initiative Homes 
However, advancing context sensing and coaching is a very challenging task. Human 
preference is very nuanced and it can vary depending on different contextual factors such 
as the presence of others (Ackerman, 2000) and locations (Paruthi, Raj, Colabianchi, 
Klasnja, & Newman, 2018). This makes it challenging for a home to model people’s 
preferences and to determine what to do given certain contexts. Similarly, people’s 
routines may change dynamically given different factors: even if a pattern is found by a 
smart home this week to support automation and coaching, it may not be generalized to 
the next week (Yang et al., 2014). In brief, no matter how well a home can understand its 
occupants’ goals, context and preferences, there will always be things unknown to the 
home, thus preventing it from accurately understanding user context, appropriately 
automating tasks, and effectively coaching its occupants. Even people have trouble 
understanding each other’s goals, preferences and contexts. Thus to address the difficulty 
of context sensing, and to support coaching, researchers have started to adopt mixed-
initiative interaction in the design of smart home applications.  
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Mixed-initiative interaction is broadly defined as interaction strategy that “explicitly 
supports an efficient, natural interleaving of contributions by users and automated services 
aimed at converging on solutions to problems.” (Allen et al., 1999). It strives to leverage 
the best of human capabilities and the best of machine capabilities to address a problem 
collaboratively.  
Historically the concept of “mixed-initiative interaction” emerged in the domain of 
dialogue-based systems, and evolved over time as it was used in different types of AI 
systems. In the context of dialogue-based systems (Walker & Whittaker, 1990), mixed-
initiative systems refer to systems that are able to model and control the turn taking of 
conversation. That is, they try to infer which entity (either a person or a computer) is 
taking a turn in initiating a conversation at any given moment. They can also interrupt a 
conversation and take control of it if needed. The concept was later broadened to task-
oriented systems, particularly systems designed to support planning, such as vehicle route 
planning. Mixed-initiative planning views (Ferguson, Allen, & Miller, 1996) a planning 
activity as a conversation between people to identify solutions to a shared problem. 
Ferguson et al. argued (1996) that unlike fixed-initiative agents which collect all the 
planning constraints upfront, mixed-initiative agents function more like people because 
they start with a “straw plan”, and gradually work out a final plan by iterating on the scope, 
constraints and possible options through conversation. A mixed-initiative planning agent 
thus acts in a “look and leap” fashion (Ferguson et al., 1996). That is, it proposes a starting 
plan as soon as possible to the human collaborators and then works with them to revise 
this plan iteratively. To support revision, such an agent can criticize a plan and support 
users to explore different solutions. Users still have the final say on the final decision.  
Horvitz (1999) further introduced the ideas of uncertainty and expected utility in the 
framing of mixed-initiative interaction. He proposed that the underlying reasons to create 
an agent to engage in different actions with different levels of autonomy (e.g., automate 
tasks, have a conversation with users) are because of the agent’s certainty in predicting 
users’ goals, and the expected utility of performing an action. As an agent becomes better 
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at predicting users’ goals and context, it can move from supporting manual control, to 
offer suggestions, to providing automation.  
While in the above-mentioned definitions a mixed-initiative agent shares the same goal as 
its human users, more recently researchers have adopted mixed-initiative interaction in 
applications where the agent can have a different goal than its users. For example, 
researchers have adopted mixed-initiative interaction in the design of smart thermostats 
to encourage energy savings (Pisharoty et al., 2015). A smart thermostat may favor actions 
that increase energy savings while users may want to prioritize comfort. In this case, a 
mixed-initiative agent uses dialogue (e.g., offers suggestions) as a way to persuade its 
users to engage in behaviors that the agent believes to be more beneficial. However, users 
still have the final say about what they want to do.   
Although the definitions of mixed-initiative interaction differ, they all serve as important 
foundations for creating wise homes. To start, mixed-initiative interaction allows homes 
to engage in different actions with different levels of autonomy. In addition to providing 
automation and supporting manual control, homes designed with mixed-initiative 
interaction can also have a conversation with their occupants. This conversation presents 
an opportunity for homes to inform and coach their occupants to engage in actions that 
may lead to better outcomes. For example, a home can use a conversation to offer 
suggestions, clarify users’ goals, preferences and contexts, and provide feedback on their 
existing actions. Further, depending on different situations, mixed-initiative interaction 
allows homes to shift their actions from supporting manual control, to engaging in a 
dialogue and to supporting automation. A wise home may not always need to talk to its 
users. In some situations it can support automation once its users selected a suggested 
option. Similarly, in other situations a wise home may retreat back to supporting manual 
control after offer suggestions to its users. Finally, being able to engage in a dialogue with 
users also allows homes to re-evaluate their current plans every once in a while, to make 
sure the homes and the users are still on the same page, to help correct errors if the plans 
deviate from users’ expectations (Yang et al., 2014), and to coach and remind users about 
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the rationales of the chosen plans –– this knowledge of rationales may help users 
generalize an plan to other tasks that are not in control by the system (Brynjarsdottir et 
al., 2012).  
2.3 Heating and Cooling as a Lens 
In this dissertation, I focus on residential heating and cooling control as a site of 
investigation to explore the design of a wise home. Heating and cooling control is an 
appropriate starting point because it faces similar challenges for researchers who are 
designing smart homes toward the vision of wise homes. Design principles generated from 
studying this particular domain may be applicable to other application domains of smart 
homes.  
2.3.1 Lack of tools to achieve better balance between goals 
Heating and cooling control is an appropriate domain to study because we still lack the 
tools to help people achieve a better balance between comfort and energy savings. 
Researchers have found several issues with existing practices of heating and cooling 
control. They have pointed out that different people living in identical houses can use 
widely different amount of energy. Even living in identical houses, the occupants with 
consumption at the top can consume more than two times of the bottom (Sonderegger, 
1978). A significant portion of this difference is caused by different usage habits, rather 
than the physical characteristics of the houses. Further, research found that 40% of people 
do not currently use a daytime setback temperature (EIA, 2015), 74% do not use a 
nighttime setback temperature (EIA, 2015), and 17% of people use a default heating 
setpoint higher than the common 68-72°F recommendations (Parker, 2013).  
2.3.2 Eco-feedback displays 
To help people better balance their comfort and savings needs, in the past few decades, 
researchers have designed and investigated numerous eco-feedback displays (Arroyo, 
Bonanni, & Selker, 2005; Erickson et al., 2013; Gustafsson & Gyllenswärd, 2005; 
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Houwelingen & Raaij, 1989; Hutton, Mauser, Filiatrault, & Ahtola, 1986; Kappel & 
Grechenig, 2009; Kuznetsov & Paulos, 2010; Matsukawa, 2004; Seligman & Darley, 1977; 
Winett & Kagel, 1984). According to Froehlich et al. (2010), eco-feedback displays are 
devices that “provide feedback on individual or group behaviors with a goal of reducing 
environmental impact”. While these devices are not limited to reducing consumption 
caused by heating and cooling, surfacing usage information and environmental impact 
associated with the usage can affect people’s heating and cooling usage. Some modern 
thermostats also display eco-feedback specific to heating and cooling usage. For example, 
the Nest thermostats display the amount of time heating and cooling systems are in use 
day by day and provides information on how the use of a household compared to other 
households.  
Research has shown that households with eco-feedback devices use significantly less 
resources compared to other households. The precise effect of the technology varied study 
by study, but researchers have demonstrated a scale of saving for 4-10% (Erickson et al., 
2013, 2012; Houwelingen & Raaij, 1989; Hutton et al., 1986). However, researchers also 
found that simply showing consumption feedback is insufficient to drive actions in many 
scenarios –– people may not be aware of the actions to take to reduce consumption, even 
if they do, they may be unwilling to do so as the effort to manually perform such actions 
is simply too high (Pierce, Fan, Lomas, Marcu, & Paulos, 2010; Pierce & Paulos, 2012).  
2.3.3 Programmable thermostats 
In addition to eco-feedback devices, programmable thermostats have also been developed 
in the past few decades to reduce energy consumption. Unlike eco-feedback devices which 
simply surface usage information, programmable thermostats attempt to reduce the 
burden of manual user control by automatically triggering energy-saving setback 
temperatures based on predefined setback schedules. Users are thus able to set their 
thermostats to use more energy-saving temperatures when they are away from home and 
when they are sleeping. Theoretically such thermostats should be able to achieve 
significant savings if people configure their setback schedules appropriately (Plourde, 
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2003), however, research has shown that in reality people fail to do so due to the difficulty 
to configure setback schedules on these thermostats’ poorly-designed user interfaces 
(Meier, 2012; Peffer, Pritoni, Meier, Aragon, & Perry, 2011). In addition, these 
programmable thermostats often fail to catch up with occupants’ changing routines, 
leading to wasted energy (Peffer et al., 2011).  
2.3.4 Reactive thermostats 
To improve heating and cooling control, there have been several studies in the past decade 
to develop reactive thermostats –– thermostats that can automate control based on various 
contexts, such as occupancy status (Beltran, Erickson, & Cerpa, 2013; Gupta et al., 2009; 
Koehler et al., 2013; Lu et al., 2010; Scott et al., 2011; Sookoor & Whitehouse, 2013). In 
addition to simply reacting to inhabitants’ occupancy status, some of the works seek to 
predict the occupancy trajectory based on past occupancy data, thus to preheat houses 
before their residents arrive to increase comfort (e.g., Koehler et al., 2013). These systems 
have been shown to reduce 7-28% of energy compared to an always-on thermostat (Gupta 
et al., 2009; Koehler et al., 2013; Nest, n.d.).  
While reactive thermostats have been shown to be successful in reducing energy 
consumption, there are still issues with these thermostats that prevent them from 
achieving an even better balance between inhabitants’ needs of comfort, energy savings, 
and sustainability (Yang et al., 2014).  
2.3.5 Lack of coaching 
The first issue is that many reactive thermostats passively interact with users without 
informing or suggesting them alternative means to achieve a better balance between 
comfort and energy savings, such as using a more appropriate setpoint when occupants 
are at home and asleep. Occupants often lack an understanding of the impact of their 
actions on household members’ comfort and on the environments (Froehlich et al., 2010). 
In addition, they are often not aware of the alternative actions to take that can lead to 
better control (Yang et al., 2016). Even if they are aware of the actions, they often lack 
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the motivation and time to optimize their heating and cooling control because of the 
limited tools available.  When their mental models are unchallenged, and when there is a 
lack of triggers, their behaviors lead to less optimal usage of heating and cooling at home 
(Meier, 2012; Yang et al., 2014).  
Recently researchers have therefore started to explore eco-coaching thermostats, namely, 
smart thermostats that coach people to better reduce wasted energy (Pisharoty et al., 2015; 
Yang et al., 2016). For example, Pisharoty et al. (2015) created a smart thermostat that 
uses occupancy sensing to generate different temperature schedule options. Some options 
may result in higher energy savings while others will result in higher comfort level. 
Pisharoty et al.’s study showed that embedding coaching in thermostat design is a 
promising approach to encourage occupants to use more energy saving settings (Pisharoty 
et al., 2015; Yang et al., 2016). However, the design of eco-coaching is still very limited 
with respect to the strategies used for coaching and the knowledge domains supported by 
coaching.  
Recently researchers have also started to explore coaching systems that encourage 
adaptive behaviors that people can use to adjust their thermal comfort locally, such as 
opening windows and adjusting clothing. For example, Clear et al. (2014) built a system 
to encourage thermal adaptivity by gradually drifting setpoints to more energy-saving ones 
and limiting the activation of heating to only 90 minutes at a time. This design forces 
occupants to consider other ways of achieving comfort, instead of simply setting their 
dormitory rooms to have the same temperature all the time.    
This thread of research on adaptive behaviors (A. K. Clear, Morley, Hazas, Friday, & Bates, 
2013) is motivated by a design paradigm in building science, which views comfort as a 
goal (i.e., occupants have the agency to achieve individual comfort goals through many 
means), instead of comfort as a product (i.e. comfort is a product delivered to the occupants 
by the built environments) (J. Fergus Nicol & Humphreys, 2002). In building science, the 
result of this shift is that thermal comfort regulation for public and commercial buildings 
start to loosen (Humphreys, Nicol, & Raja, 2007; J. F. Nicol & Humphreys, 2009). Further, 
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green buildings are constructed to rely less on mechanical heating and cooling ventilation 
but on the use of shading, and on many other means to achieve comfort, such as 
encouraging occupants to adjust their own clothing or opening windows. Under such a 
design paradigm, designers create buildings that can better collaborate with their 
occupants to co-achieve their comfort and sustainability goals (Baker & Standeven, 1996; 
Brager & de Dear, 1998; J. Fergus Nicol & Humphreys, 2002). While there is progress in 
the architecture and building science domains, such a concept has not been explored 
deeply in smart homes and in developing smart heating and cooling systems.   
2.3.6 Insufficient context sensing 
The second issue with the existing work on thermostats is that these thermostats still have 
a very limited understanding of user context, particularly contexts that can affect people’s 
heating and cooling preferences. These thermostats assume inhabitants use a fixed 
temperature setpoint when they are at home, while in reality people’s comfort and setpoint 
preferences are dynamic depending on various factors (Fanger, 1970), such as indoor 
temperatures in different rooms, humidity, and activity (e.g., cooking and indoor exercise), 
and the presence of other occupants. Some recent research has started to consider these 
additional factors that affect people’s comfort preferences, such as time of day14 and 
dynamic pricing (Alan, Shann, Costanza, Ramchurn, & Seuken, 2016). However, the factors 
they considered are still quite limited. Creating wiser thermostats faces similar challenges 
to creating wiser homes. We still need to develop systems that can leverage the emerging 
sensors and devices to better understand user preferences and context, thus better 
supporting coaching and temperature control.  
While there have been many studies on preference elicitation (Braziunas & Boutilier, 2008; 
Pommeranz, Broekens, Wiggers, Brinkman, & Jonker, 2012; Pu & Chen, 2008), the 
 
 
14 Nest Thermostat: https://en.wikipedia.org/wiki/Nest_Learning_Thermostat 
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majority of the studies to date are limited to recommender systems such as systems that 
support flight searching, product discovery and movie finding. However, the approaches 
to elicit preferences in such application settings are quite different from eliciting comfort 
preferences to support heating and cooling control of smart homes. Unlike rating a movie, 
people often cannot recall how comfortable they feel given an environmental condition, 
they may also be biased by perceived opinions (e.g., believing 68°F to induce discomfort 
while in reality they may accept such a temperature setting). Further, a smart home also 
has the ability to vary the physical characteristics of homes such as indoor temperature to 
facilitate preference learning, while a movie recommender can only control the digital 
realm. Therefore, the associated cost of incorrectly learning a preference is quite different 
in the case of comfort than in the case of movie recommenders. A thermostat may cause 
people to feel unbearably cold, a worse outcome than suggesting a wrong movie. Therefore, 
to advance preference learning and context sensing of smart homes and smart thermostats, 
we still need more sophisticated framework to elicit user feedback that leverages and 
integrates the emerging interfaces, sensors and devices.  
As we see, in advancing heating and cooling control to further reduce wasted energy and 
to increase comfort level, we encounter the challenges of context sensing and coaching. 
Heating and cooling control is therefore a specific manifestation of the boarder issues of 
wise homes. The design principles and other knowledge uncovered in designing wiser 
heating and cooling control can potentially be generalized to other domains of homes, 
supporting the developing of wise homes.  
 
 25 
Chapter 3. The Potential and Challenges of Inferring Thermal 
Comfort at Home Using Commodity Sensors15
3.1 Introduction 
Researchers have been exploring ways to model human thermal comfort for more than 40 
years. Such exploration is driven by the potential for increasing people’s quality of life (e.g., 
improving building comfort quality); reducing energy consumption (e.g., intelligent 
thermostats that react to people’s comfort level [Feldmeier & Paradiso, 2010]); and 
advancing knowledge of the connection between physiological and psychological factors 
regarding comfort. While prior work on modeling thermal comfort such as Predicted Mean 
Vote (PMV) (Fanger, 1970), and Adaptive Thermal Comfort (J. Fergus Nicol & Humphreys, 
2002) provide insights into the major factors affecting people’s comfort, there remain 
several challenges for inferring thermal comfort in real homes and offices. First, devices 
such as near-body temperature sensors traditionally used to collect measurement data are 
bulky and cumbersome for people to carry or wear on their body. Second, trained human 
observers or extensive questionnaires have generally been needed to record data that are 
difficult to detect with available sensors such as clothing insulation and activity level. 
Various activities at home such as cooking, dining or cleaning are known to affect one’s 
thermal comfort, but these factors have been difficult to capture without the presence of 
human observers. Finally, most of the previous models were designed to serve large groups 
of people (e.g., occupants of an office building) rather than individuals or small groups, 
 
 
15 This work was published at the UbiComp 2015 conference. 
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and thus are not ideal for settings that contain only a few people, such as the home. 
These limitations have prevented researchers from developing techniques that could 
continuously infer one’s comfort in naturalistic settings, especially for places where people 
conduct varied activities and exhibit adaptive behaviors. Furthermore, these limitations 
make such models unsuitable for UbiComp applications such as intelligent thermostats 
that intend to improve occupants’ comfort by responding to present conditions (A. K. Clear 
et al., 2013). 
Recently, wearable fitness trackers and smart home sensors have become widely available 
(e.g., Fitbit16, SmartThings17). Although wearable fitness trackers are designed to monitor 
physical activities or health status, we observe that they could also capture several factors 
that are influential to human thermal comfort, such as activity level, ambient temperature, 
and sweat secretion. These emerging sensing devices provide the opportunity to address 
several challenges with prior approaches and permit the instrumentation of everyday 
home environments to gather data for inferring thermal comfort. By integrating 
commodity wearable and in-home sensors, we envision a system that is able to infer 
thermal comfort in-situ and at home with minimal setup and disruption.  
While we are not the first to consider comfort sensing in naturalistic settings, our work 
offers three novel contributions: First, we present a new technique to infer thermal comfort 
using off-the-shelf wearable and in-home sensors in a domestic environment. Using 
wearable sensors allows us to automatically obtain data important to inferring individual’s 
thermal comfort that was previously difficult to obtain, as well as new sources of data that 
could prove valuable including physical movement (which can be converted into Metabolic 
 
 
16 Fitbit: https://www.fitbit.com 
17 SmartThings: https://www.smartthings.com/ 
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Equivalent of Task—a factor in PMV models), sweat level (inferred from galvanic skin 
response (GSR)), and skin temperature.  
Second, we demonstrate the feasibility of our technique by conducting a 4-week sensor 
deployment and ESM study (Hektner, Schmidt, & Csikszentmihalyi, 2007) in seven 
households. The findings from our feasibility study validate the potential of this new 
technique in inferring personal thermal comfort at home under naturalistic conditions. 
Our third contribution identifies six situations that pose challenges for inferring people’s 
thermal comfort at home. We believe that these situations will be challenging for any 
system that aims to automatically infer thermal comfort in naturalistic settings.  
3.2 Related Work  
3.2.1 Models of Thermal Comfort 
Numerous studies have been sought to improve our understanding of human thermal 
comfort. Such studies have covered the influence of physiological factors, acclimatization, 
and culture on thermal comfort (Baker & Standeven, 1996; Beizaee & Firth, 2011; Brager 
& de Dear, 1998; Fanger, 1970; Humphreys & Fergus Nicol, 2002; Jones, 2002; Shove, 
2003). Researchers (Gagge, Stolwijk, & Hardy, 1967) have investigated the effects of these 
factors in steady-state and in transition (e.g., changing from cold to warm); applied heat 
transfer theory to derive formulas for thermal comfort (Fanger, 1970); and used machine-
learning to infer comfort models (Megri, Naqa, & Haghighat, 2005). While most of the 
early research regarded people as passive dwellers with no control of the environment, 
more recent studies have demonstrated the importance of viewing people as active agents 
who actively configure the environment to maintain their comfort level (J. Fergus Nicol & 
Humphreys, 2002). While it is impossible to discuss all the thermal comfort models 
explored in prior literature, we briefly describe two that are the most widely used and 
relevant to our work––Predicted Mean Vote (PMV) and Adaptive Thermal Comfort (J. 
Fergus Nicol & Humphreys, 2002).  
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Developed by Fanger (1970), PMV operates on the assumption that human thermal 
comfort is achieved when thermal load, skin temperature and sweat secretion are within 
a comfortable boundary, given an activity level. Based on these assumptions, the Predicted 
Mean Vote provides an index that combines six parameters deemed essential to thermal 
comfort––air and radiant temperatures, humidity, wind velocity, clothing level and 
metabolic rate. Given these parameters, the model can produce an index ranging from -3 
(cold) to +3 (hot), indicating the thermal comfort quality of a building environment. 
Although this index has been shown to be accurate for buildings with central heating, 
ventilating, and air conditioning (HVAC) systems and to obtain the mean thermal comfort 
of large groups of people, it has not worked well for buildings without centrally-controlled 
systems or for individuals (Jones, 2002; J. Fergus Nicol & Humphreys, 2002). 
On the other hand, Adaptive Thermal Comfort (J. Fergus Nicol & Humphreys, 2002) 
provides an explanation for why such deviation from PMV exists––people are actually 
more tolerant to warm and cold conditions than PMV predicts. The primary reason is that 
people adapt by various means, such as opening windows or changing clothes. This 
suggests that buildings that support adaptive behaviors, like the home, could allow a wider 
thermal comfort zone. 
3.2.2 Thermal Comfort Sensing at Home: Challenges and Opportunities 
In this work, we focus on inferring personal thermal comfort at home continuously while 
allowing occupants to behave naturally. This focus is important for three reasons. First, 
having a better technique to infer personal comfort at home could make a significant 
impact, as research has shown that people spend most of their time at home––around 15.6 
hours per day in the U. S. (Leech, Nelson, Burnett, Aaron, & Raizenne, 2002). A better 
way to infer personal comfort at home could potentially improve the comfort of home 
residents. For example, intelligent thermostats could potentially be developed that react 
to occupants’ comfort level in real-time (M. Feldmeier & Paradiso, 2010). Second, to the 
best of our knowledge, there is no existing technique that allows inferring of thermal 
comfort at home while occupants are conducting their natural routines and exhibiting 
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adaptive behaviors. Third, models such as PMV have been shown to be inaccurate for 
inferring comfort for a small group of people (Jones, 2002). The average U. S. household 
is only 2-3 people (U. S. Census Bureau, American Community Survey, 5-Year Estimates, 
n.d.), a group too small for models such as PMV to make accurate inference.  
Additionally, there are two major barriers that limit previous research from reaching into 
everyday households. First, many previous studies relied on cumbersome equipment such 
as bulky near body temperature and humidity sensors (Baker & Standeven, 1996; Beizaee 
& Firth, 2011). These devices were inconvenient for users to carry continuously. Second, 
trained observers or extensive questionnaire were often required to collect data that are 
influential to inferring thermal comfort, but challenging to detect via sensors, such as 
activity level and clothing insulation (Baker & Standeven, 1996). Due to these barriers, it 
would be infeasible to apply previous sensing methods in UbiComp applications. For 
example, Clear et al. (2013) have outlined several possible applications that use thermal 
comfort as a system input, including, for example, a thermal comfort portal that allows 
people to reflect on their practice of maintaining thermal comfort.  
3.2.3 Comfort Sensing Systems for Naturalistic Settings 
To infer human thermal comfort in naturalistic settings, sensors and other tools used for 
data collection must be minimally disruptive, blending into people’s everyday routines. 
Although a less explored area, some research has investigated various approaches to reach 
this goal. For example, Feldmeier and Paradiso (2010) developed a system that 
continuously infers comfort in naturalistic settings. While their studies were conducted in 
an office setting, it would be feasible to apply their approach in the home, inasmuch at the 
sensors used are amenable to the home environment. They developed a machine learning-
based model that predicts thermal comfort based on input from wearable and embedded 
indoor temperature as well as humidity sensors. The predictions were then used to control 
the HVAC system in a large (zoned) office building. However, their models incorporated 
limited physiological information since they collected only room temperature and 
humidity with the worn sensors. None of the other essential physiological factors such as 
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metabolic equivalent were included in the models, nor were those factors captured by the 
sensors used in their study. Additionally, their system was deployed in an office building, 
thus how to adapt it to perform effectively in home is still a question.  
SPOT (Gao & Keshav, 2013b) and the system developed by Nouvel and Alessi (2012) also 
aim at inferring personal comfort in naturalistic settings. SPOT uses the Microsoft Kinect’s 
skeleton tracking capability (“Kinect,” 2015) for inferring metabolism. The system 
categorizes the skeleton information into four types of posture, namely reclining, seated 
and relaxed, sedentary activity, and standing. A predefined metabolic rate is then mapped 
to each of the postures. However, one’s metabolic rate might vary significantly in certain 
postures (e.g., “standing”), meaning that estimates can be wildly inaccurate. The system 
developed by Nouvel and Alessi expects people to provide explicit comfort feedback 
whenever their metabolic rate or clothing level is changed. Because people shift between 
different activities and clothing levels relatively often, asking people to report changes in 
their metabolic rate or clothing level would seem impractical for a sustained deployment. 
Finally, these systems have only been deployed in offices, and for only one or two 
participants. Therefore, it is unclear whether such systems would work in the home.  
In the following sections, we will first introduce our experimental system for investigating 
the potential of thermal comfort sensing in naturalistic settings using commodity wearable 
devices. Then, we will present our study method and the findings from our analyses.     
3.3 Sauna: Experimental Comfort Sensing System 
To explore the potential of our approach, we developed an experimental system, Sauna, 
for collecting the required sensor data and user comfort feedback, as well as for performing 
the thermal comfort inference. Our experimental comfort sensing system contains five 
components: (1) HomeHub, (2) wearable sensors, (3) in-home sensors (4) a mobile ESM 
tool and (5) a web-based diary tool. After the introduction of these five components, the 
rationale for our sensor selection is then provided. 
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HomeHub: The HomeHub is the central component for collecting data from the wearable 
and the in-home sensors. A notebook PC is used for the hardware of the HomeHub (we 
used an ASUS X200MA), and we built the software of the HomeHub on top of the Lab of 
Things framework (A. J. B. Brush, Jung, Mahajan, & Scott, 2012).  
Wearable Sensors: We employ the Basis B118, a wrist-worn fitness tracker, for collecting 
data useful for comfort prediction. Several of the data sources provided by the Basis B1 
(i.e., activity level, skin temperature, and galvanic skin response) have not been employed 
in previous efforts to predict thermal comfort in real time, and so represent new potential 
sources of information. Basis B1 measures skin and near-body air temperatures, galvanic 
skin response (GSR), heart rate, step count, and estimated calorie consumption, calculated 
once per minute. We use GSR to approximate sweat level. We further use the per minute 
calorie consumption offered by Basis B1 and the weight of the individual to approximate 
a person’s metabolic equivalent of task (MET). One study has shown that Basis B1 is able 
to estimate energy expenditure with 76.5% accuracy (Lee, Kim, & Welk, 2014). However, 
this study was conducted before the introduction of BodyIQ technology, which was 
available at the time of our study. In a forum post19, the lead researcher of Basis claimed 
that with BodyIQ, the accuracy outperforms other major competitors, some of which claim 
around 90% accuracy. 
Basis B1 synchronizes with the user’s smartphone, which uploads the data to the Basis 
cloud storage. We automatically fetch the sensor data from Basis’s web service every 15 
minutes, which is the maximum rate attainable via Basis’ API. 
 
 





In-home Sensors: We use the AeoTec MultiSensor20 to track room-level air temperature 
and humidity. The HomeHub samples each MultiSensor every 3 minutes via Z-Wave. 
Mobile ESM Tool: To collect an individual’s thermal comfort feedback given different 
environmental and bodily conditions, we employed an Android-based Experience 
Sampling Method (ESM) tool called Minuku (Chang, Paruthi, & Newman, 2015). We 
configured Minuku to send brief questionnaires to participants based on time and location 
(e.g., “at home”). Each questionnaire asked for the person’s thermal sensation, comfort 
sensation, current activity, indoor location, clothing level, and brief notes that might help 
them recall the reasons for their sensation and comfort report when completing the end-
of-day diary entry. We developed our ESM strategy to minimize interruption, while 
collecting enough information related to people’s thermal comfort to help them to recall 
more in-depth information later in the day. Our implementation of ESM allows us to collect 
not just sensor data and user comfort feedback, but also users’ explanation of their 
perception, such as the reasons that might have caused their discomfort. This extra 
information allows us to investigate the feasibility of our technique in real households and 
identify potential challenges and opportunities for new approaches. 
Web-based Diary Tool: At the end of each day, participants were asked to provide more 
information to explain the thermal reports they submitted throughout the day. A web-
based diary tool (see Figure 1, right) was designed to facilitate these diaries. This tool 
displays an individual’s thermal reports created throughout the day, as well as 
visualizations of the sensor streams that could help the person recall his indoor location 
and activity.  






which states that the primary factors influencing a person’s thermal comfort include air 
temperature, radiant temperature, wind velocity, humidity, metabolic rate and clothing 
level. In addition to these six parameters, we also track skin temperature and sweat level, 
which are implicit in the PMV model: when calculating PMV, these two additional factors 
can be approximated by the six basic parameters using other models (Fanger, 1970) 
developed in human thermal comfort, rather than directly measured.  
While some factors such as radiant temperature and wind velocity are challenging to track 
precisely, especially in large buildings or outdoors, our setting of a single family home 
allows us to make a few reasonable simplifications. First, we assume the radiant 
temperature is the same as the air temperature, since rooms in houses are relatively small. 
Second, we designate a fixed wind velocity (0.2 m/s) based on the average winds speed 
of indoor ventilation (between 0.05 to 0.4 m/s) (Thorshauge, 1982). Finally, clothing level 
is obtained through participants’ self-reports, collected with each ESM response. Four 
options, ranging from nearly naked to heavy clothing level, were provided, along with 
examples.  
   
Figure 1: (Left) The ESM interface; (Right) The Web-based Diary Tool. 
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While PMV is known to have limited predictive power for individuals (J. Fergus Nicol & 
Humphreys, 2002), we feel that the factors in the model are comprehensive and well-
studied, thus serving as a good basis for our work. We will further discuss how we 
incorporate Adaptive Thermal Comfort and dynamic transitions by using a machine-
learning based approach, along with a person’s previous body and environmental states in 
the data pre-processing section.  
3.4 Study Method  
The goals of our study were to explore the feasibility of our approach and to investigate 
the potential challenges of inferring thermal comfort at home in naturalistic settings. We 
recruited 14 participants from 9 households in Michigan. 11 of the participants from 7 
households were able to complete the study. Three people dropped because of important 
family events that reduced the time they could stay at home. The recruitment was done 
through Craigslist, mailing lists and the snowball sampling method. We recruited 
participants who have an Android phone and who stay at home during waking hours for 
at least 5 hours a day on average. In addition, we recruited half of the households to have 
two participants in order to explore individual differences with respect to thermal comfort. 
Participants were compensated depending on the number of reports they provided during 
the ESM study. The amount of each person varied, with the average compensation being 
US$44.90. For households with multiple participants, we compensated each of them with 
US$10 extra.  
Our study took place between 30th August and 4th October, 2014, and consisted of a semi-
structured initial interview, followed by a four-week sensor deployment and ESM study. 
We then conducted exit interviews. During the initial interview, we collected information 
on participants’ daily schedules and how satisfied they were with regard to their thermal 
comfort in the different rooms in their houses. We used participants’ daily schedules to 
help determine the rooms in which to place the multi-sensors. Additionally, we also 
collected information on how they used their thermostats and other comfort-related 
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appliances such as fans and dehumidifiers, as well as their attitudes towards the trade-offs 
between saving energy and remaining comfortable.  
After the interview, we installed 4 multi-sensors at different locations in each participating 
house and provided each participant with a Basis B1. Participants were asked to wear the 
Basis B1 whenever they were awake and at home. In addition, the ESM tool was installed 
on participants’ phones. To ensure every participant understood how to use the tools, we 
guided each of them to create one thermal comfort report using the ESM tool and to 
provide a detailed comment using the web-based diary tool.  
Immediately after the sensors were deployed, the ESM study was started. During the four-
week ESM study period, participants self-reported their thermal sensation, comfort 
sensation, location within the home, and their activity information. Sensor data detected 
by the multi-sensors and Basis B1 were stored in our database. Participants were not 
Table 1: Participant Information  











P1 F 187 H1 1400-2000 4  Manual 
P2 F 98 H1 1400-2000 4  Manual 
P3 M 138 H2 < 800 2  Manual 
P4 F 91 H2 < 800 2  Manual 
P5 M 143 H3 < 800 2* Manual 
P6 M 131 H4 1400-2000 2* Nest 
P7 F 113 H5 800-1400 2 Prog. 
P8 F 10 H6 800-1400 2 (1) Manual 
P9 M 2 H6 800-1400 2 (1)  Manual 
P10 M 107 H7 800-1400 2 Prog. 




exposed to any predictions we made, and no prediction results were used to make any 
changes to their home HVAC system during the study.  
For self-reports, we used both the 7-level thermal sensation index introduced in PMV, and 
also a standard 4-level comfort sensation index used in several thermal comfort studies 
(e.g., Gagge et al., 1967). Using two indices allowed us to resolve the ambiguity of the 
labels in the thermal sensation index: for many people, the “cool” label might actually 
represent a comfortable and preferred feeling.  
Our ESM tool prompted each participant approximately every 30 minutes when s/he was 
at home and during a pre-specified awake time window. Participants could ignore 
individual prompts, but they were expected to answer at least 6 reports per day. 
Participants could also actively report whenever they like, although we encouraged them 
to only initiate a report when they felt uncomfortable. At the end of the study, we found 
out that some participants had deactivated the GPS tracking of the ESM tool because it 
drained too much battery from the phone. Some of them therefore only initiated thermal 
reports, rather than responding to prompts. It’s possible that participants created different 
number of reports related to uncomfortable situations because of this issue, but we expect 
no effect on the validity of their answers.    
A 30-minute exit interview was conducted following the ESM study. Before the exit 
interview, we calculated the PMV index of each thermal report a participant created using 
Fanger’s approach (1970). We used Fanger’s PMV rather than our own model’s prediction 
because our model was not finalized until after the exit interviews were conducted. While 
PMV is inaccurate for predicting individual’s thermal comfort, the calculations allowed us 
to investigate situations in which there were large differences between the PMV and 
participants’ reports. During the exit interviews, we asked participants to recall what 
happened at the moment of a report, and the potential reasons for the wrong PMV 
prediction. To facilitate recall, we asked the participant to review their diary entries and 
comments.    
 
 37 
3.5 Data Processing 
From the 11 participants who completed the 4-week study, we collected 1,431 thermal 
comfort reports (details are provided in Table 2). However, only 1,132 thermal comfort 
reports were considered to be complete–– i.e., containing all the associated information, 
including thermal sensation, comfort sensation, indoor location and activity, as well as 
data detected by sensors, including air temperature, humidity, skin temperature, near 
body air temperature, GSR, and metabolic rate at the moment of report. In addition, only 
9 of the 11 participants created more than 90 valid reports; the other two participants 
were not able to properly maintain the synchronization between their Basis B1 devices and 
smartphones due to software configuration issues, thus rendering many of their reports 
useless for training our models.  
The “comfortable” sensation dominated the reports: within the 1,132 reports, 50.6% of 
them are labeled as “neutral” on the thermal sensation index, and 76% of them are labeled 
as “comfortable” on the comfort sensation index. This may be due to the fact that the 
weather in the study area was unusually mild during the study period, with average 
temperatures at 16°C, (max 33°C; min 0°C). However, there was one week (13 Sep. to 20 
Table 2: Frequency of reports for each level of our combined 5-level thermal comfort 
index. 
 
Comfort Sensation Thermal Sensation Thermal Comfort Index #reports %reports 
1 Uncomfortable/Very 
uncomfortable 




























Sep.) that the temperature dropped below normal. The average temperature in that week 
was 11°C (max 26°C; min 0°C).  
The percentage difference between thermal and comfort sensation also confirms the 
usefulness of having two indices. For example, some people interpreted “slightly cool” or 
“cool” as a comfortable and preferred temperature.  
3.5.1 Feature extraction 
For each of the reports, we further obtained features related to an individual’s previous 
state, including the metabolic rate, skin temperature, near body air temperature, and 
sweat level (GSR) 30 and 10 minutes before the report. For each of the features, we 
smoothed the data by taking an average over a five-minute window. These features were 
inspired by (Gagge et al., 1967), which demonstrates that, in addition to the factors 
modeled by steady-state thermal comfort models like PMV, dynamic transitions between 
warm and cold environments also affect people’s thermal sensation. However, one 
problem we faced when extracting these features was that some reports had no data from 
the previous state. For example, when a participant had just woken up in the morning and 
worn his or her wearable sensors for just a few minutes, there would not be any sensor 
data available for the previous 15 minutes. To handle this problem, we filled in missing 
values with the average sensor reading for that participant. Finally, we extracted the 
temperature and humidity data by referencing the room information participants provided 
in the thermal report. We smoothed the room temperature and humidity data by taking 
the average over a 30-minute window. If the room did not contain a multi-sensor, we then 
averaged the sensor readings from the two adjacent rooms in which we had multi-sensors 
deployed. 
We further categorized the activity provided by the participants using their free text 
descriptions reported through the diary tool. As we already captured activity-level through 
the measurement of metabolic equivalent of task, activity type information was collected 
primarily to investigate the psychological influence of activities. We generated our activity 
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categories by combining the American Time Use Survey Activity Lexicon (“ATUS Activity 
Coding Lexicons,” 2012) with our own heuristics of which activities might effect an 
individual’s thermal comfort sensation, such as “cooking” (see Table 3).    
3.5.2 Thermal comfort index 
As no standard scale exists in the previous literature for training machine-learning based 
comfort models, we created a 5-level thermal comfort index for this work. Our 5-level 
index combines the 4-level comfort sensation index suggested by Gagge et al. (1967) and 
the 7-level thermal sensation index used in PMV. Table 2 illustrates the mapping from the 
thermal sensation and comfort sensation indices into our 5-level index. This mapping 
resulted in a scale ranging from, Uncomfortably-Cold (UC-Cold) to Uncomfortably-Warm 
(UC-Warm) at the extremes, with Slightly-Uncomfortably-Cold (S-Cold), Comfortable 
(COM), Slightly-Uncomfortably-Warm (S-Warm), as intermediate levels. 
The intuition behind this transformation is that thermal sensation alone cannot represent 
an individual’s complete thermal comfort assessment. For example, some participants 
actually interpreted “cold” as a comfortable feeling at times, and most of them enjoyed 
being “slightly cool”. Comfort sensation, on the other hand, only provides the intensity of 
discomfort, but not the direction of discomfort. However, from our exit interviews we 
found out that participants tended to have a common interpretation of the comfort 
sensation index. They interpreted uncomfortable as situations in which they would 
definitely take action to change the thermal environment, while slightly uncomfortable 
meant they were uncomfortable but did not experience an urgent need to take action. 
Therefore, by combining these two indices, we could obtain an index that captures both 
the intensity of discomfort and the warm-cold direction of the discomfort. 
Table 3: Activity Categories 
relaxing and leisure, working at home, eating, housekeeping, cooking, waking 




Besides the advantage of integrating the intensity and the warm-cold direction of 
discomfort, we believe our index is an improvement upon the 3-level scale used by 
Feldmeier and Paradiso, and the 7-level index used by Nouvel and Alessi (2012). First, 
compared to the 3-level scale, we allowed participants to report discomfort that was 
relatively tolerable (e.g., S-Cold, S-Warm), thus taking into account people’s tolerance to 
warm and cold situations, as suggested by Adaptive Thermal Comfort. Second, compared 
to the 7-level scale, we maintain a smaller set of thermal classes, thus facilitating the 
training of machine-learning based models.   
3.6 Analyses & Findings 
Two analyses were conducted in this research. In the first analysis, we developed our 
comfort model using a machine-learning approach. We compared the accuracy of different 
feature sets, as well as the accuracy of our approach compared to other baseline models 
inspired by previous research (Fanger, 1970; M. Feldmeier & Paradiso, 2010). In the 
second analysis, we explored the challenging situations for inferring thermal comfort at 
home in naturalistic settings by examining cases where our model failed to make an 
accurate prediction. 
3.6.1 Analysis 1: Accuracy of Comfort-Aware Model 
To develop our comfort model, one step is required before the training to handle our 
imbalanced dataset. In our dataset, 76% of the data are labeled as COM on our 5-level 
thermal comfort index as shown in Table 3. The remaining classes each cover between 4-
8% of the data. To prevent training a classifier that always predicts comfortable, we 
adjusted the weight of each datum given its class to create equally balanced class labels 
(following (Kotsiantis, Kanellopoulos, & Pintelas, n.d.)).  
3.6.1.1 Baseline models 
Random Forest and Gaussian-kernel SVM were selected to train our models, as these two 
methods are most likely to perform the best on various data sets (Fernández-Delgado, 
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Cernadas, Barro, & Amorim, 2014). Three models were chosen for comparison: the first is 
a ZeroR model that always predicts COM; the second is a decision tree model with the 
estimated PMV index as the only feature, chosen for testing the efficacy of PMV in 
predicting individual’s thermal comfort as inspired by (Nouvel & Alessi, 2012); the third 
model is a Gaussian-kernel SVM with humidity and near body air temperature (SVM-H/T) 
as the only two features. This final model is inspired by Feldmeier and Paradiso’s work 
(2010), which is the only other work that uses wearable sensors for comfort sensing in 
naturalistic settings. In their work a simpler model, Fisher’s discriminant was adopted due 
to the requirement of monotonicity. This constraint was imposed because the end-goal of 
their system was to automatically control a HVAC system––monotonicity was required in 
their model to prevent hysteresis. Removing the monotonicity constraint allows us to 
employ more sophisticated and presumably more accurate models. We abandoned 
monotonicity because automatic temperature adjustment is not the only application that 
could be enabled by comfort sensing. Other research that is more interested in measuring 
the comfort quality of homes does not require an automatic agent to take actions. Even for 
applications like intelligent thermostats, mixed-initiative (Horvitz, 1999) approaches 
might be taken. Such approaches could benefit from a more accurate prediction while 
remaining tolerant to non-monotonicity. 
Since our class labels are ordinal in nature––there is a natural ordering of the classes from 
uncomfortably warm to uncomfortably cold––we therefore trained our multi-class 
classifiers on top of a simple ordinal classifier developed by Frank and Hall (Frank & Hall, 
Table 4: Mean Absolute Error (MAE) and Mean Squared Error (MSE) for Random 
Forest (RF) and Support Vector Machine (SVM) models with different feature sets.  
Three baselines are provided for comparison, as described in the text. The best 
performing model (SVM+BASE) is highlighted with a *. 


































































2001). This ordinal classifier allows us to transform any multi-class classifier into a 
classifier for ordinal variables. Note that the class weight adjustment is applied on the 5-
level thermal comfort index, rather than the multiple binary classification problems 
generated by the simple ordinal classifier.  
In addition to the prediction models, four different feature sets were investigated: (1) 
BASE; (2) BASE without clothing level (NO-CLO); (3) BASE with activity information 
(ACT); and (4) Basis B1 feature set (BASIS). The BASE feature set contains all the major 
parameters believed to influence a person’s thermal comfort. These features are provided 
by the multi-sensor, Basis B1, and participant self-reports. The NO-CLO contains all the 
features in BASE except for the self-reported clothing level. This was selected to test if 
using only sensor data is adequate for comfort prediction. ACT feature set contains all the 
features in BASE plus activity labels (again, see Table 3). ACT was included as we 
conjectured that the type of activity a person is conducting might change their expectation 
about the ideal temperature. Finally, the BASIS feature set was selected to test if using 
only wearable sensors would be adequate for comfort inference.  
Ten-fold cross-validation was performed on the whole dataset ten times, yielding 100 trials 
of model accuracy. We use Mean Absolute Error (MAE) and Mean Squared Error (MSE) 
as our evaluation metrics. While MAE is a standard way to evaluate ordinal variable 
classifiers, we included MSE to further penalize classifiers with large error, as we did not 
want our classifiers to predict cool while a person is feeling warm. Finally, the Wilcoxon 
signed-rank test is used to compare model accuracy. 
3.6.1.2 Result: SVM with BASE performs the best 
Table 4 shows the prediction results for each model. We found that SVM and Random 
Forest with BASE feature set perform very similarly to each other with respect to MAE, 
although SVM has significantly smaller MSE. Both of these models outperform the three 
baselines (p<0.01). Compared to the baselines, SVM with BASE reduces the MSE by 51% 
compared to ZeroR, 49% compared to DT-PMV, and 51% compared to SVM-H/T. SVM-
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H/T’s prediction result is very close to ZeroR, indicating that having only near body air 
temperature and humidity is not sufficient for predicting thermal-sensation at home, 
perhaps because people exhibit adaptive behaviors and conduct various activities. Overall, 
the relatively small MAE and MSE of our model indicates that it is able to control the 
prediction error to within one ordinal class distance most of the time––if a person is feeling 
comfortable, then most of the time the prediction is bounded between slightly 
uncomfortably warm and slightly uncomfortably cold.  
In addition, we also found that adding activity labels (e.g., “cooking,” “exercising”) directly 
as features did not improve the model. This could be because there are only a few thermal 
reports for each type of activity. Furthermore, particular activities may have different 
effects on different individuals. More advanced graphical modeling might be needed to 
utilize activity information for improving the models.  
Although the SVM model with BASE feature set performs significantly better (p<0.01) 
than the SVM model without clothing level information (NO-CLO), their errors are very 
close to each other––the MSE for BASE is 0.98 (SD=0.3), whereas for NO-CLO it is 1.08 
(SD=0.3). This similar performance may have resulted from relatively low diversity in 
clothing levels at home, or from participants’ inaccurate estimation of their clothing level. 
We will discuss the latter cause in the second analysis.   
Finally, we found that by using only features provided by Basis B1, the MSE is 1.35 times 
higher than SVM with BASE. It is surprising that even though Basis B1 is able to detect 
near body air temperature, having no room temperature and humidity information 
increases the error considerably. 
3.6.2 Analysis 2: Challenging Situations 
In our second analysis, we further investigated challenging situations for comfort inference. 




To conduct such an analysis, we selected the best model obtained from our previous study, 
that is, SVM with the BASE feature set. To generate predictions for all the reports, we 
conducted two rounds of model training. First, we trained the SVM model by using 50% 
of the thermal comfort reports (training set), and then performed the prediction on the 
rest of the reports (testing set). We then trained another model based on the testing set 
and applied it to generate the predictions for the training set. Table 5 shows the resulting 
confusion matrix. Note that with only 50% of the data used for training, it is likely that 
our model would generate more errors than normal (e.g., if we had trained on 90% of the 
data as in our first Analysis), however, as our goal was to qualitatively analyze the 
potential situations for inaccurate prediction, we feel that the higher number of error cases 
is acceptable, albeit slightly less efficient.  
To investigate the challenging situations for comfort inference and identify potential 
solutions, we examined information from participants’ comments in their exit interviews, 
activity information in comfort reports, and raw sensor data.  
3.6.2.1 Challenging situations for prediction 
We identified 79 error cases where the prediction was more than two classes away from 
the true label, such as when the model generated UC-Warm while the true label was COM, 
S-Cold, or UC-Cold. The cells highlighted in Table 5 indicate errors we investigated. Our 
qualitative analysis of the 79 errors allowed us to identify six situations that lead to 
inaccurate prediction: (1) short-term effect or local heat source; (2) dynamic transitions; (3) 
extra cover or wind effect; (4) lightweight exercising and housekeeping; (5) problems with 
data collection tool; and (6) individual differences.  
Short-term effect or local heat source refers to the situation where the indoor temperature 
is different from the current thermal sensation of the participant. For example, it might be 
because the participant was drinking a cold or warm beverage, close to a hot stove, or had 
just taken a shower. Under this situation, a participant’s near body air temperature and 
skin temperature might be within a comfortable zone, while the ambient temperature was 
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low or high. For example, P3 commented “I felt warmer because I was reading the news and 
checking email with my laptop on my lap. Even though the room was still cool from earlier, 
the laptop made me feel warm and kept me comfortable.” He reported COM while the air 
temperature was 19.8 °C and his skin temperature was only 28 °C, thus making the 
prediction to be S-Cold.  
The second source of the prediction error is a result of dynamic transitions between cold 
and warm situations. We did not have enough thermal reports related to such transitions 
to train the model effectively for these cases. Furthermore, the sampling rate supported by 
Basis B1 (1 minute) and our smoothing window (5 minutes) cannot capture quick 
transitions well. For example, one type of transition occurs when participants enter their 
warmer homes from colder outdoor environment. Since we conducted the study during 
late summer/early fall, there were only a few days that the outdoor temperature was low, 
thus such events are not well-represented in our training dataset. Another type of 
transition occurs when people move from a warm bed into a colder room. In this situation, 
participants usually had a high skin temperature from their cozy bed, while the room 
temperature at the moment captured by the multi-sensor was relatively low. This 
inconsistency confuses the model. For example, P4 commented that “the room was [at] a 
Table 5: Confusion Matrix  
(Cells highlighted in gray represent the cases used for our fault analysis.) 
       Prediction 
True 
UC-COLD S-COLD COM S-WARM UC-WARM 
UC-COLD 8 17 0 0 0 
S-COLD 7 39 15 8 0 
COM 22 186 410 271 10 
S-WARM 3 8 17 64 7 






comfortable temperature” with “waking up” as her activity. The room temperature at the 
time was only 18.9 °C, while her skin temperature 15 minutes before the report was 31 °C, 
which is an unusually high skin temperature. Therefore the model predicted she felt UC-
Cold, while she actually felt COM.  
A third cause of prediction error is when a person might have extra cover that was not 
included in their self-reported clothing level, or might have been affected by un-captured 
wind effect. For example, P11 commented that “The puppy was in my lap, which warmed 
me up” in one case, and noted “Was still in bed under heavy blankets” in another report. 
Additionally, certain locations where participants spent time could have an effect, as an 
upholstered sofa or carpet can effectively increase a person’s clothing level (McCullough, 
Olesen, & Hong, n.d.). Additionally, our simplified assumption about constant indoor wind 
velocity occasionally led to prediction problems. For example, P1 commented that she had 
her fan on while her skin temperature was 33.7 °C and the air temperature was 27.8 °C. 
The model predicted she felt UC-Warm due to the high temperature while she reported 
comfortable due to the additional wind effect.    
The fourth type of error occurs when an individual is doing light exercise or housework 
during cool days, including activities like moving objects around the house, performing 
small household repairs, or simply walking around the house. In such cases, an individual 
might have higher clothing level and slightly higher approximated metabolic equivalent 
while the other metrics are still low, resulting in a prediction that is cooler than what the 
individual actually perceives (e.g., predicting COM when the participant reports UC-
Warm). Here, it could be that the high clothing level amplifies the effect of the slightly 
heightened metabolic equivalent. Although the PMV index, a feature included in our 
machine-learning based model, is supposed to capture such interaction between clothing 
and metabolism, the misprediction may be generated either because of the inaccurate 
estimation of the clothing level from the participants, or because of the low skin and air 
temperatures.     
There were problems with the data collection tool and data handling. For example, there 
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were several instances that participants did not wear their Basis B1 or had just started to 
wear it, thus the inaccurate prediction is due to our naive way of handling missing values 
(i.e., fitting the mean value obtained from all the reports of a participant). In addition, 
participants may have interpreted the rating scales in different ways at different times. For 
example, P11 reported her comfort sensation as “slightly uncomfortable” due to the fact 
that she felt warm. However, she also labeled thermal sensation as “slightly cool” due to 
the fact that she had just drunk a bottle of cold water. The correct labels to train our model 
should be “slightly uncomfortable” for comfort sensation and “slightly warm” for thermal 
sensation, as the “uncomfortable” feeling was caused by the warm temperature. Therefore, 
the ambiguity in the interpretation of the data collection instructions caused the inaccurate 
prediction.   
Individual differences include the tolerance of heat, cold, sweat and humid environments 
and the different interpretation of the comfort and thermal sensation scales.  For example, 
P10 reported “comfortable” with comment “At the desk, my hands were getting cold. I am 
used to my hands getting cold, though, so it wasn't uncomfortable.” As his estimated skin 
temperature was 26.7 °C and the room temperature was 16.5 °C, which is below the typical 
comfort zone for most people, the model incorrectly predicted UC-Cold. In another case, 
P1 reported that she felt comfortable after she had exercised at home. The model wrongly 
predicted her comfort level as UC-Warm as her skin temperature and the air temperature 
were high––32.6 °C and 28.56 °C respectively––as was her metabolic equivalent. Finally, 
another source of individual difference is sickness. P11 was sick for more than two weeks 
during the study, thus her perception and body conditions were different than normal. In 
one thermal report with mild air temperature at 21 °C, she noted “[I felt the body] 
temperature went up because I was feeling sick due to a bad headache.”   
3.7 Discussion 
Our work shows that sensing thermal comfort in the wild is promising, but challenges 
remain. Widely used comfort models and prior techniques that aim at inferring comfort in 
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naturalistic settings are insufficient for inferring individual’s thermal comfort at home. In 
fact, our result shows that these previous techniques––mostly designed for large buildings 
and offices––did not perform better than a naive ZeroR baseline. The dynamic nature of 
home activities and people’s adaptive behaviors make comfort inference much more 
difficult in the home than in climate chambers and in offices.   
In an effort to infer thermal comfort at home that allows domestic residents to live 
naturally, we proposed a new technique that uses wearable fitness trackers and in-home 
sensors to capture various factors that are underexplored in previous in-situ sensing 
research. By incorporating metabolic equivalent, sweat, and skin temperature sensors, we 
saw that our technique can reduce prediction error by 50% compared to the baseline 
models. In addition, our result shows the benefits of having both wearable and in-home 
sensors. Having only one type of sensor is not sufficient to predict comfort accurately. 
While wearable sensors are useful to obtain continuous activity-level, sweat and 
temperature measurements, they are ineffective at capturing the larger thermal comfort 
picture of the room. Moreover, it would be challenging for the wearable device to 
understand a transition such as getting out from under a warm comforter in a cold winter 
while one wakes up. On the other hand, having only in-home sensors is insufficient for 
capturing discomfort caused by high activity-level and transitions, such as coming back 
home from exercising. 
While we are interested in understanding more specifically which temperature sensors (i.e., 
skin, near-body and room temperatures) are most critical, our analysis is inconclusive. 
However, our work is the first step towards understanding the benefit of utilizing these 
various sensors in reaching better prediction accuracy. We would argue, however, that 
future work on in-situ sensing should have all three types of sensors, as the combination 
of the three could potentially help identify various situations. For example, whether users 
are close to any local heat source could potentially be identified by the combination of 
near-body and room temperature. Clothing level might potentially be inferred by the 




3.7.1 Implications for Improving Thermal Comfort Inference 
While there are still some challenging situations for inference, a closer look at the reports 
reveals that many of these situations could be easily resolved, and some of them could 
potentially be tolerated depending on the intended application.  
First, several of the errors resulted from the way we handle missing data and the way we 
collect thermal comfort feedback. Note that while we did throw out a report if the user 
was not wearing the Basis B1 at the time, missing data was filled in for reports that are 
associated with users just starting to wear Basis B1 (e.g., when they woke up in the 
morning), as we didn’t want to overlook these important moments. When deploying an 
application based on such a sensing technique, we could easily remove such errors by 
checking whether the users have been wearing their wearable tracker for a certain period 
of time. Alternatively, sensor data from previous days that share similar activity patterns 
could be used to fill in the missing sensor data. For the problem with inconsistent labeling, 
we could revise the ESM interface to insure the warm-cold direction of the comfort 
sensation is the same as thermal sensation. For example, we could ask a clarifying question 
such as, “Do you want the temperature to be cooler or warmer?“   
The errors related to rare or quick transitions could potentially be resolved by increasing 
the sampling rate of wearable sensors, along with better handling of time series data. 
Currently the Basis B1 has a sampling rate of one time per minute––note that this is the 
sampling rate accessible by 3rd party developers rather than the true sampling rate of the 
sensors––which is due to its focus on fitness related applications. On top of this relatively 
low sampling rate, our five-minute smoothing window makes quick transitions harder to 
observe. To better identify transitions between cold and warm environments or the 
presence of additional heat sources, the variance of the sensor reading along with the 
mean we use in this study could be used. In addition, activity recognition techniques could 
be applied to identify some transitions such as home/away status (Chen & Khalil, 2011). 
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Furthermore, if comfort sensing techniques such as ours become useful, it is possible that 
wearable sensor manufacturers would broaden their services to include comfort sensing, 
thus tailoring their device to serve such a purpose––e.g., by allowing 3rd party developers 
to access sensor data in real-time. Finally, a larger deployment with more data to train the 
models might help to model relatively rare transitions.  
Two other challenges we identified include extra “clothing” and wind effects that were not 
captured by the sensors or by users’ self-reports. Through additional insights gained from 
the exit interviews, we found that whether or not people have extra covering is sometimes 
related to their locations in the room. For example, P11 usually had her blanket on when 
she sat on the sofa in her TV room. This suggests it might be possible to infer people’s extra 
clothing level via part-of-the-room indoor positioning, although it would require 
additional training data from each of the individuals. However, we also found that when 
such extra clothing exists, the difference between the near body temperature detected by 
Basis B1 and the air temperature detected by the multi-sensor is larger. We could 
potentially use this information to help us identify if extra clothing exists. 
Finally, individual differences might be resolved by taking a personalization approach. 
However, the standard ways of training personalized models––such as generating a model 
for each individual based on one’s own data––may not be feasible for our approach since 
the number of reports required to cover all five thermal comfort labels at a sufficient level 
may be excessive. While such isolated models may not work for our approach, 
“Groupization” could be a better solution as it seeks to build personalized models for an 
individual by using data from other similar people. This approach has been used in 
personalized information retrieval (Vu, Song, Willis, Tran, & Li, 2014) and activity 
recognition (Lane et al., 2014) systems, and is particularly suitable for our application 
scenario where the training data provided by each individual is minimal. Groupization 
reduces the amount of feedback an individual needs to provide in order to train the model, 




There are a few limitations of our study. First, study was conducted at the end of the 
summer/beginning of fall when the temperature was relatively mild. Further deployment 
is needed to inspect the feasibility of our approach in more extreme weather, as seasonal 
difference might be an important factor to include in the model. In addition to the 
relatively short deployment conducted in the summer, our thermal comfort reports are 
only provided by 9 participants, a small population. More research is needed to consider 
the role of individual difference and to validate if this approach could work for a larger 
group of people.  
Although extensive collection of thermal comfort feedback from each individual is required 
in our experimental system, we envision the future system in which online inference could 
rely on a small group of users who provide feedback for training a population-based model. 
If derivation from the population-based model is found, the system could then prompt a 
user for more comfort feedback in order to create a personalized model or reassign them 
to a more appropriate group.  
3.8 Conclusion 
In this chapter, we present a new technique for inferring people’s thermal comfort at home 
under naturalistic settings using in-home sensors as well as off-the-shelf wearable devices 
equipped with sensors that allow estimations of metabolic equivalent, sweat and skin 
temperature. A sensor deployment and experience sampling study was conducted in 7 
households with 11 participants to validate the potential of such approach. Our study 
results reveal the advantages of this approach, challenging situations for prediction, and 




Chapter 4. Reef: Exploring the Design Opportunity of Comfort-
aware Eco-coaching Thermostats21
4.1 Introduction 
In the U.S., the domestic sector consumes more than 20% of the total energy produced, 
and half of this is consumed by heating and cooling usage (Total Energy, n.d.). The high 
level of usage can be reduced. Researchers have pointed out that consumption is highly 
dependent on occupants’ behaviors (Sonderegger, 1978), as well as the inefficient use of 
existing manual and programmable thermostats (Meier, 2012; Yang et al., 2014).  
Over the past decade, numerous intelligent thermostats have thus been proposed to 
mediate temperature control, helping people to save energy while maintaining comfort 
(e.g., Gupta et al., 2009; Lu et al., 2010; M. Mozer, Vidmar, & Dodier, 1996; Scott et al., 
2011). Such thermostats may have occupancy-responsive control (e.g., Koehler et al., 
2013), learning capability (e.g., Alan et al., 2016; The Nest Thermostat, n.d.), and/or eco-
coaching features (e.g., Pisharoty et al., 2015). However, there are still two problems with 
these thermostats that limit the energy savings that can be achieved. 
First, the majority of intelligent thermostats assume occupants have a fixed temperature 
preference at home while in reality this can be quite dynamic, changing depending on 
occupants’ activities and other contextual factors (J. Fergus Nicol & Humphreys, 2002). 
 
 
21 An earlier version of this work was published at the DIS 2017 conference. 
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While researchers have recently explored comfort-aware thermostats––thermostats that 
can react to people’s changing preferences by predicting their comfort based on sensed 
conditions (e.g., Feldmeier & Paradiso, 2010)—such thermostats have been principally 
studied in office settings, and are not suitable for the home due to the sensors used and 
low accuracy (Huang, Yang, & Newman, 2015).  
Second, a fundamental assumption underpinning most smart thermostat development is 
the view that occupants are primarily receivers of comfort (i.e., comfort is given by the 
heating and cooling system), rather than active agents that can utilize other means, such 
as changing clothes, to maintain their comfort. Researchers like Clear et al. (2013) have 
therefore proposed to investigate approaches based on adaptive thermal comfort 
(Humphreys et al., 2007), an approach that emphasizes occupants’ agency in performing 
adaptive behaviors to achieve comfort, and challenges the notion that comfort and 
controlled indoor temperatures exist in a fixed relationship.  
Our work in this chapter proceeds from the observation that a comfort-aware approach 
can be combined with eco-coaching (Pisharoty et al., 2015; Yang et al., 2016) to provide 
additional opportunities for reducing heating- and cooling-related energy waste. In the 
eco-coaching approach, an intelligent system models user behavior and produces 
recommendations for energy-saving actions that can be taken by users. Recent work has 
shown that eco-coaching can save 5-12% of energy expended for cooling when 
recommending thermostat control schedules (Pisharoty et al., 2015), and that users find 
eco-coaching to ease the selection and execution of more energy-efficient actions (Yang et 
al., 2016). Previous work, however, only examined recommendations based on occupancy 
schedules—the opportunity for gaining efficiency by optimizing temperature setpoints was 
not explored. By including knowledge of users’ comfort preferences and recommendations 
derived from the adaptive thermal comfort model, additional savings can be realized. 
Thus in this chapter, we report our initial steps in exploring the design space of comfort-
aware eco-coaching thermostats, i.e. thermostats that seek to synthesize comfort-awareness, 
adaptive thermal comfort, and the eco-coaching approach.  
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Our work makes two contributions: 1) We illustrate the design space of comfort-aware 
eco-coaching thermostats by systematically mapping the design space and producing 
fifteen diverse prototypes representing key points in the space; 2) By further carrying out 
User Enactments (Davidoff, Lee, Dey, & Zimmerman, 2007; Odom et al., 2012, 2014) 
wherein we engaged 11 thermostat users in scenarios involving the prototypes we had 
developed, we were able to uncover underlying values and tensions that are likely to drive 
user reactions to different design directions if and when they are encountered in the wild. 
Our work provides a critical first step towards the realization of comfort-aware eco-
coaching thermostats, and provides valuable insights for future system development and 
field deployments.  
4.2 Related Work 
Many researchers have developed smart thermostats to help reduce energy consumption 
and increase comfort (Beltran et al., 2013; M. Feldmeier & Paradiso, 2010; Gupta et al., 
2009; Koehler et al., 2013; Lu et al., 2010; M. Mozer et al., 1996; Pisharoty et al., 2015; 
Scott et al., 2011). These smart systems have achieved their goals in various ways, 
including the ability to: react to residents’ occupancy status (e.g., Scott et al., 2011), adapt 
to building characteristics or user preference (e.g., The Nest Thermostat, n.d.); and respond 
to people’s thermal comfort (e.g., Feldmeier & Paradiso, 2010). 
Occupancy-based thermostats (Gupta et al., 2009; Koehler et al., 2013; Lu et al., 2010; 
Scott et al., 2011) focus on reducing the heating or cooling time when people are away 
from home. Most of these systems make a simplistic assumption that people are satisfied 
with a fixed temperature when they are at home. While occupancy-based thermostats have 
been shown to be successful in reducing energy usage, this simplistic assumption misses a 
chance for both further energy savings and increased comfort, as in reality people’s 
temperature preference at home is dynamic according to their activities and other context 
(Halawa & van Hoof, 2012).  
Preference-based thermostats may be able to cope with people’s dynamic preferences, for 
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example, by learning the desired setpoints at different times of day (e.g., The Nest 
Thermostat, n.d.) or at different pricing conditions (e.g., Alan et al., 2016). However, users 
still struggle to understand the smart features of such thermostats, leading to suboptimal 
use or abandonment (Yang et al., 2014). In addition, current preference-based thermostats 
only scratch the surface of how smart thermostats can interact with their users. While this 
work largely focuses on thermostats that learn people’s preferences passively, more recent 
work on eco-coaching (Pisharoty et al., 2015; Yang et al., 2016) finds that thermostats that 
provide actionable recommendations based on their learning capability are more 
promising in reducing energy consumption.   
Comfort-aware thermostats, although a less explored alternative, provide the potential of 
reacting to people’s changing temperature preferences. Such thermostats infer  occupants’ 
thermal sensation in real-time using wearable and indoor sensors and predictive models 
to map environmental conditions and user activity onto inferred thermal sensation (M. 
Feldmeier & Paradiso, 2010). While this approach seems promising (Huang et al., 2015), 
the imperfection of comfort inference means that full automation is infeasible. Researchers 
have proposed employing mixed-initiative design in creating smart thermostats (Pisharoty 
et al., 2015; Yang et al., 2014), emphasizing the collaboration between machines and 
humans to reach a shared goal. Eco-coaching (Pisharoty et al., 2015; Yang et al., 2016), 
employs a mixed-initiative approach wherein the system offers suggestions for actions to 
take and users are held responsible for finalizing the decisions. Although this approach is 
helpful for dealing with misprediction, 
it has not yet been applied to design comfort-aware thermostats, as previous 
implementations were constrained to suggesting timing for setbacks (energy-efficient 
away and sleep temperatures) rather than alternative temperature settings for times when 
the home is occupied. 
While researchers have demonstrated that occupancy-based and comfort-aware 
thermostats can reduce energy consumption by 7-57% (e.g., Feldmeier & Paradiso, 2010; 
Scott et al., 2011), the fundamental design philosophy that underpins such thermostats 
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has been criticized on the basis that it limits the potential to reach more sustainable ways 
of living (A. Clear et al., 2014; A. K. Clear et al., 2013; Humphreys et al., 2007). Past work 
on smart thermostats assume comfort as a product, something that is delivered to us by the 
indoor environment. However, recent research on adaptive thermal comfort has proposed 
to reconsider comfort as a goal, a view that emphasizes the role of human agency: 
occupants can leverage different adaptive behaviors such as adjusting their clothing level 
to reach comfort in addition to cranking their thermostats up or down. In alignment with 
this view, Clear et al. (2013) have proposed to create systems that facilitate adaptive 
behaviors and temperature variations, yet limited work has been done in exploring this 
design opportunity. 
In this work, we therefore explore comfort-aware thermostats’ potential in reacting to 
occupants’ dynamic temperature preferences while accommodating mispredictions by 
leveraging eco-coaching. We also broaden the concept of eco-coaching to include the view 
of comfort as a goal rather than just a product. Therefore, rather than only suggesting to 
users how to control their temperature setpoints, we explore thermostats that might also 
encourage adaptive behaviors such as changing clothing or drinking warm beverages. We 
call such thermostats comfort-aware eco-coaching thermostats.  
4.3 Method & Design 
The aim of our study was to advance understanding of how to design comfort-aware eco-
coaching thermostats. While others have explored technologies that seek to challenge or 
overturn people’s expectation or values around thermal comfort (e.g., A. Clear et al., 2014), 
we sought to explore more subtle approaches that work within the existing constraints of 
people’s cultural expectations of mechanically-mediated thermal comfort. We thus 
pursued designs that encourage more efficient behaviors through being adaptive while 
respecting people’s expectation on thermal comfort.  
To illuminate the design space and understand how people would react to possible design 
approaches, we chose user enactments as our method (Davidoff et al., 2007; Odom et al., 
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2014). User enactments allow researchers to rapidly explore how potential users’ values, 
expectations, and social identities inform their reactions to different design possibilities. 
Through simulating real world scenarios involving potential technological futures, 
researchers gain insights into how users might react to technology designed with different 
attributes, as well as the values users bring to bear when assessing design alternatives. 
While prior thermostat work has employed field deployments to validate the effectiveness 
of various designs (e.g., Alan et al., 2016; Pisharoty et al., 2015), our designs require 
significantly more complex technology (e.g., personalized comfort prediction and room-
level localization) which makes deployment a less reasonable action to take as a first step. 
Applying user enactments in understanding users’ values is essential to ensure that costly 
system development and field deployment efforts are well-grounded and more likely to 
succeed. 
Table 6: The key design dimensions and the corresponding prototypes.  
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Our study involved three main steps. First, through synthesizing prior literature and 
conducting multiple rounds of brainstorming, affinity diagramming, and expert review, 
we delineated the design space of comfort-aware eco-coaching thermostats. We distilled 
three key design dimensions (Table 6) that guided our later designs and summarized the 
technology constraints of state-of-the-art smart thermostats and comfort prediction 
approaches. Second, we operationalized our concept through iterative prototyping. We 
generated numerous ideas and low fidelity prototypes before creating fifteen design probes 
(D) in the form of high fidelity interactive prototypes (Figure 3). Third, we conducted user 
enactments to qualitatively probe our target users’ opinions: how they perceive the 
different design concepts and how these designs might encourage or impede users from 
reaching higher energy savings.  
4.3.1 Reef: Thermostat Designs 
We first identified the key technology constraints of state-of-the-art smart thermostats and 
comfort prediction, focusing on constraints that are likely to persist for the foreseeable 
future. We used such constraints to guide the design of Reef, a hypothetical thermostat 
that can predict people’s comfort, react, and encourage energy savings. First, we assumed 
Reef employs a sensing approach similar to Huang et al. (2015), namely, it relies on 
wearable devices that detect activity level and near body temperature (e.g., Basis B1, n.d.), 
as well as in-home sensors that capture humidity and temperature (e.g., “AeoTec 
MultiSensor,” n.d.). Second, we assumed that Reef is able to detect and predict people’s 
house occupancy status, room-level location and sleep status, which have been 
demonstrated feasible in prior research (Lymberopoulos et al., 2015; Pisharoty et al., 
2015). Therefore, Reef can use its users’ status to determine whether to trigger an Away, 
Asleep or Awake mode (i.e., users are at home but not sleeping). Third, Reef can learn 
personalized comfort preferences by soliciting feedback from users, ultimately generating 
comfort predictions on a five-level scale ranging from uncomfortably cold to 
uncomfortably warm (Huang et al., 2015). Fourth, due to limited sensing and inference 
capabilities, Reef will sometimes make mispredictions (e.g., predicting occupants are 
comfortable while they are slightly cold) (Huang et al., 2015). Finally, as the smartphone-
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based control has emerged as a common approach for interacting with smart thermostats 
(e.g., The Nest Thermostat, n.d.), we expected users to interact with Reef through a 
smartphone application. Our interfaces were therefore all designed for mobile screens.  
Through prior literature, we identified three key design dimensions for smart thermostats 
(see Table 6). These dimensions facilitated the systematic generation of fifteen distinct 
interface prototypes. The three design dimensions we chose include eco-coaching style, 
persuasive strategy, and timing of interaction. Here we will describe these three design 
dimensions in detail as well as their relationship with the various prototypes we created. 
Eco-coaching style refers to the approach Reef takes to communicate with users. At one 
end of the spectrum, Reef seeks to be informative by showing useful eco-feedback to help 
decision-making, letting users remain in control (Froehlich et al., 2010; He, Greenberg, & 
Huang, 2010; Pousman, Stasko, & Mateas, 2007). This information might include comfort 
level prediction, estimated financial savings, and environmental impact. While respecting 
users’ agency was one reason that we explored such a hands-off approach, this approach 
also handles inaccuracy. Due to the inevitability of imperfect prediction, it may not be 
most favorable for Reef to automatically change the temperature according to its comfort 
prediction (Fanger, 1970). One prototype that implements such an approach is D1, which 
shows the predicted comfort of different household members at home in four colors. 
Similarly, D9 shows users the predicted comfort level in different rooms at different 
settings while requiring them to manually create their temperature schedules. At the other 
end of the spectrum, Reef can be proactive (Davidoff et al., 2007; Rodden, Fischer, Pantidi, 
Bachour, & Moran, 2013), making decisions for users and only informing them about the 
benefits. In some situations users might feel that the benefits of automation outweigh the 
cost of minor mispredictions. D5 and D7 are two prototypes that implement the proactive 
approach. In D5, Reef identifies that the user has been comfortable for a few days and 
therefore automatically lowers the setpoint for an evening. It only informs the user about 
the decision and the benefits without first asking permission. Similarly, in D7, Reef 
automatically generates and activates an energy-saving schedule after observing occupants’ 
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behaviors and comfort level for a month.    
A third approach lies in the middle of these extremes, offering suggestions to users and 
letting them make the final decision (Pisharoty et al., 2015; Yang et al., 2016). Here we 
probed two possible design directions: one is to offer suggestions directly related to 
temperature settings (Advisory), the other is to encourage adaptive behaviors (Adaptive) 
(A. K. Clear et al., 2013). For the former type, two different saving suggestions were 
implemented in Reef’s prototypes, namely, personalized saving modes and short-term 
variation. D2, D4 and D8 are examples that implement such strategies. Inspired by 
ThermoCoach’s (Pisharoty et al., 2015) saving suggestion design, Reef offers four similar 
modes: high energy saving, energy saving, regular and warm. Each mode has a 
corresponding temperature when people are at home and awake (i.e., the Awake setpoint). 
This temperature is determined by Reef’s learning of occupants’ comfort. In winter, for 
example, when running in regular mode Reef will pick a temperature that the user mostly 
feels comfortable with, and in energy saving mode Reef will find an Awake setpoint that 
is likely to feel slightly cold. The second strategy is short-term variation, meaning that Reef 
 
Figure 2: Participants reacted to our prototypes in five different scenarios.  
From left to right: real-time control; short engagement; planning; misprediction 
and reflection.  Note that each UE took place in a different part of the home. 
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might suggest users to lower their setpoints for only a short period of time (e.g., a night 
or a day). The rationale is that while people care about their own comfort, they might be 
willing to lower their expectation shortly for saving energy. Whereas in some prototypes 
Reef suggests users to directly change thermostat settings, in others Reef encourages 
adaptive behaviors. One of the adaptive behavior Reef encourages is to change indoor 
clothing style. The suggestions are made in different ways. For example, in D2 Reef shows 
the appropriate clothing to wear at different setpoints; In D3 Reef makes the suggestion 
more salient––users can pick a clothing option and Reef will adjust the setpoint to a 
corresponding temperature. Besides clothing level, we also explored other adaptive 
behaviors suggestions such as drinking a hot beverage (D6), walking at home for a few 
minutes (D12), lowering the setpoint in the morning when users are leaving soon for work 
(D13), and delaying the time to heat up one’s home after arrival (D15). 
Persuasive Strategy refers to the approaches used to promote energy-saving behaviors 
(Dillahunt & Mankoff, 2014; Fogg, 2002; Froehlich et al., 2010; He et al., 2010; Pousman 
et al., 2007). Froehlich et al. (2010) highlighted two major strategies: Rational Thinking 
(RT) and Norm-Activation (NA): While some people might respond better to analytical 
insights, others might be more easily persuaded by emphasizing cultural norms and 
leveraging social influence. 
In our study, we probed different persuasive strategies to encourage saving. Besides 
information about financial savings, we explored the use of environmental impact framed 
under a 2015 U.S. government’s policy to reduce CO2 emission by 17% (US EPA, n.d.) 
(e.g., D2 and D4). In other prototypes, we showed users about friends that use a similar 
saving mode (e.g., “Mark and 33 others also use this mode” in D8), as well as adaptive 
behavior tips shared by households similar to the user (D14). These are also two examples 
demonstrating how we combined the eco-coaching style dimension with persuasive 






Figure 3: Selected interfaces for our 15 prototypes (see next page for more interfaces). 
We skip D11 as it looks the same as D5 but was tested in a different scenario.   
 





Timing of Interaction refers to the various situations in which users might interact with 
thermostats. We chose to explore five situations and created one user enactment scenario 
for each (as shown in Figure 2), including real-time control, short engagement, planning, 
misprediction and reflection. Although timing of interaction is slightly different from other 
design dimensions––in the sense that the options in this dimension are not mutually 
exclusive and can be supported by one thermostat––this dimension helps us understand if 
a particular approach that works well in one situation also works well in another. Here we 
briefly explain the first three situations while discussing misprediction and reflection in more 
depth. Note that all of our scenarios were created for winter settings.  
Real-time control (UE-RT) refers to the situation when one feels uncomfortable and wants 
to change the setpoint. In our scenario, a participant encounters this situation when 
watching TV in the living room. He feels cold and opens up Reef to see if he can make any 
adjustment. Short engagement (UE-ShortEngage) refers to the situation that a notification 
is sent from the thermostat to the user to encourage energy saving. In our scenario, a 
participant faces this situation when reading books in their study room. Reef recalls that 
she has been comfortable for a few days thus sends a message to encourage saving. 
Planning (UE-Planning) refers to the situation when one is thinking about next week’s plan 
and checking the thermostat schedule. In our scenario, a participant does this on Saturday 
night before going to bed or another self-selected time that the participant usually plans 
his next week’s schedule. 
Misprediction (UE-Mispred) refers to the situation that the thermostat inaccurately predicts 
an occupant’s comfort and makes an inappropriate decision or suggestion. In our scenario, 
while the participant feels cold and sick, Reef inaccurately predicts she is comfortable, thus 
suggesting her to lower the setpoint. From previous literature (Huang et al., 2015) we 
already knew that comfort prediction is not perfect, especially when people are sick, wear 
extra clothes, or are affected by other local factors that are challenging to track by sensors 
(Huang et al., 2015). We were curious to explore how to work around technology 
constraints regarding comfort prediction. For example, a thermostat might apologize 
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(Srinivasan & Takayama, 2016) and inform its users about its limitations when it makes 
mistakes (i.e., a form of incidental intelligibility suggested by Yang et al. [2013]). We 
therefore created a prototype, D10, to present an implementation of incidental 
intelligibility and compared it with other designs (D11, D12) that do nothing when 
mispredictions happen. 
Reflection (UE-Reflect) refers to the situation when users are thinking about their long-
term usage of the thermostats, reflecting on their practices, and reassessing actions they 
took. We designed a scenario where the participant has just finished checking their energy 
bill and becomes curious about the heater usage. We explored different ways to support 
reflection. This includes strategies to support data-driven reassessment proposed by Yang 
et al. (2016). For example, in D13, Reef allows reassessment by tracking people’s in-home 
behaviors and their schedules. It shows a visualization depicting when the user is likely to 
go to bed based on behavior tracking. In some prototypes, Reef supports reassessment by 
considering other real-world factors. For example, in D15 Reef explains how colder 
temperatures cause additional heater usage, potentially helping users understand why 
their actions may not lead to the expected outcomes. In addition to supporting reflection 
by data-driven reassessment, we also explored the inclusion of a discussion board, D14, 
which helps users share and learn from peers about different ways to maintain their 
comfort while not turning their thermostat up. 
4.3.2 User Enactments Study 
Our interactions with study participants involved three steps: an initial interview, a diary 
study, and the user enactment sessions. The purpose of the initial interview was to 
understand how participants currently used their thermostats. This interview also shed 
light on how participants chose their default setpoints, their attitudes toward climate 
change and sustainability, and how they viewed the relationship between comfort and 
energy-saving. We then conducted a diary study lasting three to seven days. The purpose 
of this study was to raise participants’ awareness of their own temperature preferences, 
facilitating better feedback during the user enactments. We installed an experience 
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sampling app, PACO (“Paco,” n.d.), onto participants’ phones and gave them two 
thermometers to place in their homes. Participants were asked to report their comfort and 
the corresponding indoor temperature three times a day. On average each participant 
created 13 reports (min: 7, max: 24).  
After the diary study we then conducted the user enactments in our two-story smart home 
testbed (a.k.a. the first author’s home). Inspired by Rodden et al.’s (2013) approach to 
ground participants, we presented a series of storyboards to 1) illustrate the current energy 
problem, 2) envision the future and introduce Reef, and 3) offer the context of enactment.  
We first introduced the problem––the high energy usage of heating systems at home and 
the variation in consumption caused by different usage practices (Sonderegger, 1978). We 
showed each participant an estimate of their potential financial savings using the average 
household size in our region of study. By factoring in the energy sources, we also 
illustrated the potential environmental impact a participant could make in terms of CO2 
reduction. Finally, to offer a frame of reference for a possible environmental impact goal, 
we introduced the policy announced by the U.S. government in 2015 (US EPA, n.d.), which 
is to reduce 17% of CO2 emissions by 2020. We made a simplistic assumption that the 
domestic sector should contribute equally by reducing 17% of energy use. 
Afterward, we asked participants to envision the year 2020, four years in the future from 
the time of the study, and a new thermostat product, “Reef,” has been released. We 
described the key characteristics of Reef, namely its use of wearable and in-home sensors 
for predicting people’s comfort; the ways it learns from its users; its capability to predict 
whether residents are sleeping or away from home; and its support for user-defined Away, 
Awake and Asleep temperatures. 
We asked participants to imagine living in a smart home in February 2020, and gave them 
a simulated calendar showing what their daily schedules might look like at the time. They 
were also provided with a simulated weather app interface showing the “current” week’s 
weather ranging from 21 °F to 55 °F. We also asked them to imagine living with another 
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person in the house, either a partner or a roommate. After showing them this information, 
we asked them to walk through the scenarios we designed.  
As described earlier, we developed five scenarios and created three prototypes for each 
scenario. To ensure the session time was bounded in two hours, we let each participant 
experience a subset of 3-4 scenarios (thus each design was experienced by 7-8 participants 
and each participant experienced 9-12 designs). We showed one prototype at a time in a 
scenario, and we repeated the subset of scenarios three times to show all the design 
variations. In each scenario we first briefly explained the interface of the prototype and 
asked participants to interact with it. To increase realism, we tried to match the indoor 
temperature of our smarthome testbed with what was depicted on our prototype 
thermostat displays (within 1°F difference). At the end of the session, we then displayed 
all the 9-12 selected prototypes together for participants to compare. All of the user 
enactment sessions were video recorded for later analysis by the study team.   
4.3.3 Participants & Data Analysis  
We conducted our study with 11 participants. We recruited participants through emails, 
online forums, and social networking sites. Participants were compensated with $50 for 
completing the interview, diary and UE study. Six males and five females participated in 
the study, representing a range of occupations including teacher, midwife, finance 
manager, school administrator, software engineer, among others. Most of them were 
between ages of 26-35 except for U6 (36-45), U7 (>55) and U11 (46-55). Only U8 owned 
a smart thermostat with the rest using either manual or programmable thermostats. The 
study was conducted from the end of April to the beginning of May 2016 where the 
average temperature in the region of the study was 52 °F (max: 79 °F, min: 28 °F). Thus 
people were still using their heaters at the time, though the outdoor temperature was 
somewhat warmer than the simulated temperatures depicted in the study. 
To analyze the data we conducted a debriefing session for each enactment within 48 hours. 
During the debriefing, three of the authors reviewed the whole video and discussed 
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emerging patterns and questions to probe during later sessions. After all the UE sessions, 
we transcribed all the videos and conducted a thematic analysis (Braun & Clarke, 2006) 
to identify common patterns in participants’ reactions and understand the underlying 
expectations and values. 
4.4 Findings 
In the following section, we present three major themes that emerged in our thematic 
analysis: the desire for comfort and its relationship with sustainability; the desire for 
control and its tension with the desire for convenience (e.g., the desire to have the system 
make decisions); and the importance of  careful allocation of agency while being pertinent.    
4.4.1 Comfort & Sustainability   
In this section we present findings related to short-term variation, adaptive suggestions, 
comfort visualization, and personalized saving modes which helped us uncover 
participants’ values regarding comfort and sustainability. 
Our design probe (D4) that encouraged short-term variation based on prior comfort 
history received polarized responses. Before user enactments, we expected participants to 
be fairly open to this suggestion because the suggestion was only triggered when they had 
been “comfortable” for five days. However, some participants felt that being comfortable 
now didn’t imply they should compromise their comfort in the future. According to U1, 
“That does not make any sense. If I feel comfortable in the past five days, then what I should 
do is just keep the same temperature, so that I can keep feeling comfortable.” Others were 
fine with compromising their comfort for a limited time. U2 said, “That’s fine [for me to 
live less comfortably for a day]. That’s reasonable and just for tomorrow. I think it’s like, five 
days I use temperature I like, and one day I lower it. It sounds OK. … Because I am not 
constantly sacrificing my comfort level, so it’s just temporary.” We suspect this discrepancy 
is due to differences around how our participants valued comfort. Although they all 
desired to be comfortable, some perhaps viewed comfort more as a necessity while some 
others viewed it as something more like a luxury. Participants who viewed comfort as more 
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of a luxury might be more willing to compromise their comfort, as long as it’s temporary 
and as long as their comfort needs had been reasonably satisfied.  
In addition to short-term variation, some of our adaptive suggestions also shed light on 
the dynamic nature of comfort. Participants had different expectations of comfort at 
certain times of the day, such as in the morning when they are leaving home soon (e.g., it 
would be OK to lower the setpoint in the morning slightly earlier) or when they come back 
home (e.g., delaying the time to fully heat up home upon arrival.). U3: “I don’t mind 
waking up a little chilly” (D13); U9: “Well as long as it’s warmer than outside. [In February] 
it’s going to feel better than what we just came from. I think that would be a great solution 
that I heat up halfway and heat up rest of the way [after] I get home.”(D15) This suggests 
that although they valued comfort, their perception of comfort varied within a day. 
Thermostats designed to fit this dynamic expectation may increase the chance for savings.   
Most participants had a strongly positive reaction to the design (D1) that allowed them to 
view the comfort level of their roommate or partner. Three participants who currently 
lived with their partners specifically said they were willing to sacrifice their own comfort 
to keep their partner comfortable. U9: “I would probably just grab a blanket and leave how 
it is … I think a lot of changes in the thermostat is the regulation between my wife and myself 
and the baby honestly. But if I could see that me trying to get more comfortable would 
[de]crease hers that much … then I wouldn’t do it.” These participants valued some 
household members’ comfort more than their own.  
In UE-Planning, participants were shown a design (D8) that suggests three different 
energy-saving modes (e.g., “energy saving” and “regular”) that were personalized 
according to inferred comfort preferences. While we expected that such saving modes 
would encourage participants to explore a slightly more energy efficient setting, three of 
our participants raised a similar concern with this design. U6 explained: "There [is] 
something interesting to me about describing the level as high saving, energy saving, very 
comfortable, … Because being very comfortable, is like a qualitative statement about my own 
personal experience of the temperature, these two levels describing high saving and energy 
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saving feels distant from me. It shifts the priority from my comfort to external energy savings 
and so even though I’m motivated by it ... it seems like to put [me] in a conflict: saving energy 
or being comfortable." Whereas these participants valued both comfort and energy saving, 
and thought they could achieve both––“I can be quite comfortable in the colder [mode,  i.e.] 
in the energy saving to high saving [mode] with proper [clothing], like having a blanket, that 
to me is comfortable, I’m more comfortable in cooler environment anyway“ (U6). It seems 
that rendering energy saving and comfort in a mutually exclusive relationship created a 
conflict where none need exist.  
4.4.2 Control & Convenience 
A major question explored in our study is what types of eco-coaching styles better fit 
participants’ values regarding control and convenience. We were especially interested in 
the intersection of eco-coaching style and the timing of the interaction.  
As we expected based on prior research, participants valued user control and favored a 
more advisory and informative (as opposed to proactive) approach when presented with 
short-term saving opportunities in UE-ShortEngage. However, in the UE-Planning scenario, 
the majority of them preferred a more proactive Reef, even though in this prototype (D7) 
Reef activates an energy-saving schedule without asking participants’ permission. U6: “I 
don’t mind [Reef acting on my behalf] …I think it’s why people engage with smart devices in 
general. I think that’s part of the payoff. [That] is, you have this intelligent device using the 
data to make data-driven decisions, but does not maximize unless it’s making the decision. So 
I want it to go ahead and use the data that is collected and I would have the real world 
experience of feeling it. And so if I don’t agree … [like] ‘oh gosh that was way too far to being 
cold’ then I know I can adjust it.” This indicates that participants’ values regarding comfort 
and convenience may shift based on interaction context. This openness to Reef’s 
proactivity was also contingent on their trust in the system’s capability to capture 
behavioral information, the value placed on convenience, and the ease of control. 
Prototypes (e.g., D8) featuring short-term variation also helped us uncover insights 
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relating to the differing weighting of control and convenience among our participants. Our 
participants’ reactions toward short-term variation were polarized. Some favored 
consistency rather than variation. U7: "I guess that is [like] my eating philosophy, I have two 
days when I eat less and the other day I get [what] I want so. I can see that. But it seems like 
for the temperature I would rather find the lowest temperature during [a] day that are still 
comfortable. Try maximize that [aspect] as opposed to being uncomfortable on days.” This 
could be related to valuing convenience––they didn’t want to fiddle with the thermostat—, 
or could be related to the challenges of planning ahead. U6: “I don’t think I would pick two 
days a week [to be more energy-saving] … because I wasn’t sure what will make these two 
days [more] special than the rest of the days.” 
However, some participants thought it was possible to set some days to be more energy-
saving than usual. U5: “I would consider [lowering the setpoint for a day every 6 days].” 
Interestingly, this willingness to compromise comfort and convenience is also fluid and 
negotiable depending on different conditions. U5: “I think it also depends on, again, like, 
the temperature outside. If it’s going to be significantly colder, and then it asks me to lower 
the temperature tomorrow, I [would] probably say no. ... If I perceive it’s going to be colder, 
even though the inside temperature theoretically should stay the same… I don’t want be 
colder".  
Whereas the prototypes mentioned above were probed under the situations where Reef 
made accurate predictions, we also explored participants’ attitudes and values when 
mispredictions happened. We expected our “incidental intelligibility” (Yang & Newman, 
2013) design (D10, UE-Mispred) to receive positive feedback from participants. In this 
enactment, we told participants to imagine that Reef had misjudged their comfort, and 
suggested lowering their setpoints while they were sick and cold. If they chose not to, Reef 
then showed a sample interface attempting to explain why it may have made that mistake. 
However, almost all the participants expressed that they didn’t even want to look at Reef’s 
explanation when they were sick and when Reef made a misprediction. U1, for example 
completely dismissed the explanation, saying that, “I don’t want to debug it.” Participants’ 
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first reactions were to just increase the temperature to a comfortable point––they  didn’t 
necessarily want to fix Reef. This finding suggests that for some people, understanding the 
system models and capabilities is not as highly valued as we expected based on prior work 
(e.g., Yang & Newman, 2013). To them, convenience and error recovery are more 
important. 
However, some participants found that Reef’s transparency made it more considerate. U5: 
“I like this one better [D10] because it’s more honest…, it makes me feel like it does 
understand like you are a human, you are doing different things, different things might 
affect you, and we are an app, and we might not be able to get that all the time... It feels 
kinder, doesn’t feel quite as harsh” (U5). This transparency could also help users trust the 
thermostat more by mitigating the negative perception that might result from 
mispredictions. U4: “If I never knew that Reef knew that [i.e., its limitations], and I came 
to my own [conclusion] and said like ‘oh, Reef is terrible at figuring out when I am sick’ 
then that makes me lose faith in the device.”  
4.4.3 Impertinence, Irrelevance & Allocation of Agency 
By engaging participants through different scenarios and prototypes, we were able to gain 
insight into participants’ attitudes about the appropriate allocation of responsibility 
between a thermostat and its users. Finding the boundary between what is and isn’t 
appropriate for a smart thermostat to ask of its users is critical for mixed-initiative design, 
and more generally for designing technology that will be perceived as appropriate. 
Participants’ responses toward designs that suggest alternative indoor clothing were 
polarized (e.g., D3 and D7). Some expressed negative feedback on these designs because 
they thought they knew how to dress already. For some, such suggestions were seen as 
impertinent as they felt indoor clothing was a personal domain that the thermostat should 
not be involved with. U11: “It’s OK [for Reef to change] the temperature but I’m not very 
excited about it picking what clothes I want to wear. I find that’s more personal… part of 
yourself. Temperature, you know, in your house, that’s not part of you. What you wear, it’s 
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part of you. If I want to feel comfortable today, I’ll wear this, if I don’t, if I want to wear shorts 
around, I will wear what I want to" (D7).” For others, clothing suggestions were acceptable 
but they were not enthusiastic about it as they had been wearing more layers of clothes at 
home already and viewed it mainly as reminders. Clothing selection, including what to 
wear at home, emerged as an area of personal choice incorporating lifestyle choice and 
personal expression, in addition to comfort preferences. The difference in reaction may be 
partly attributed to participants’ views of the role of the thermostat, e.g., as a passive 
instrument versus a cooperative agent.  
Besides clothing, the majority of participants reacted negatively to adaptive suggestions 
that required them to change their routines and living styles (e.g., D13, D14). Suggesting 
a move to a different room or exercising at certain time of the day to reduce heater usage 
are examples of such suggestions. Most of the user-generated tips we prototyped fell into 
this category. Participants hoped to see tips and suggestions that fit their current lifestyle. 
For example, U10 mentioned a tip he would like to share on the Reef forum (D14). After 
describing how warm he had to keep the house in order to keep his baby comfortable since 
safety guidelines prevent the use of blankets on infants, he added: “It’s like impossible. And 
we are on Amazon, and we found a wearable blanket that they can like clip on and zip into 
it, it’s like a sleeping bag, that’s attached to them, which then let us…keep us house colder,... 
If I was on this [forum], that would be a tip I would have.” This tip reflects a useful adaptive 
behavior tip that similar users would be more likely to accept. However, participants felt 
that tips that were irrelevant to them failed to resonate with their identity (e.g., as 
“parents”) and damaged their trust in the system. 
4.5 Discussion 
Our findings allowed us to gain a deeper understanding of how various designs of comfort-
aware eco-coaching thermostats might align with or oppose people’s values with respect 
to comfort, sustainability, convenience, control and agency. Here we discuss how our study 
extended or challenged insights produced from prior research, specifically in terms of 
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coordinating comfort and sustainability, balancing control and convenience, and 
allocating of agency while avoiding impertinence. 
4.5.1 Coordinating Comfort & Sustainability 
While prior systems have incorporated comfort sensing for temperature automation in 
offices (M. Feldmeier & Paradiso, 2010), there has been limited work investigating how 
people value comfort-aware systems in the home. Although we knew that people desire to 
be comfortable and hope to be environmentally responsible (Yang et al., 2014), it was 
unclear if people are open to smart thermostats that actively encourage sustainability while 
considering their comfort. Our study explored this question by surfacing comfort in 
different ways, including showing sensed comfort in visualizations (D1), suggesting short-
term variation only when people have been comfortable for a few days (D4), suggesting 
adaptive behaviors when people may have a lower expectation on comfort (e.g., D15), and 
offering personalized saving modes (D8). 
First, our findings point out that for some people, the comfort of certain others is more 
important than individual comfort. Interestingly, while prior research (M. Feldmeier & 
Paradiso, 2010) resolves multi-user conflict around comfort through automatically 
identifying a middle ground, our findings point to the possibility that in small households, 
visualizing comfort or using an important person as a reference might also be a solution, 
even a better outcome in some cases. In addition, our findings suggest that some people 
might value their comfort more as a necessity while others view it more as luxury. People 
who view comfort more as a luxury are more likely to compromise their comfort, and 
respond more favorably to recommendations of short-term variation. Furthermore, we 
found that while people desire comfort, their expectation and perception of comfort 
change throughout the day. This finding challenges previous measurements of comfort for 
smart thermostats: For example, PreHeat (Scott et al., 2011) aimed to optimize comfort 
by minimizing “MissTime”, which the authors define as the amount of time where the 
users are at home but the temperature does not reach the target temperature. Our findings 
point out that this measurement of thermostat efficiency is not in line with people’s 
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changing expectations of their comfort. Finally, our design of saving modes raised some 
concerns. Inspired by the success of prior research (Pisharoty et al., 2015; Yang et al., 
2016), we chose to use a similar framing of saving mode suggestions (i.e., “energy saving”, 
“comfortable”). However, our findings point out that this framing renders energy saving 
and comfort in a mutually exclusive relationship. This implicitly highlighted conflict may 
steer people to weight their comfort as more important their adaptive potentials.  
4.5.2 Balancing Comfort & Convenience 
We knew from prior work that leaving users in control is essential, yet in a situation like 
thermostat scheduling, people appreciate some degree of automation (Alan et al., 2016; 
Yang & Newman, 2013). However, these prior insights were produced from reactions to 
smart thermostats that take a passive stance on energy savings (e.g., Nest). We were 
unclear whether these insights would still hold for eco-coaching thermostats that actively 
probe comfort boundaries by lowering the setpoint. It was also unclear whether 
implementing incidental intelligibility would help strike a balance between convenience 
and control, making them more tolerant to a proactive design even in the face of mistakes.  
Our findings related to eco-coaching styles suggest that due to people’s value of 
convenience, many people are accepting of a proactive design when doing temperature 
scheduling. This is of course contingent on people’s trust in the system’s capability to make 
data-driven decisions, and the perceived ease of control if adjustments need to be made. 
Although people might still adjust the temperature back if they feel uncomfortable, this 
brings up an opportunity to view eco-coaching as a negotiation process. Prior work has 
only explored eco-coaching in a more passive way (Alan et al., 2016; Pisharoty et al., 2015; 
Yang et al., 2016), but our findings point to the potential for smart thermostats to 
negotiate a more energy-saving configuration by setting a first reference point.  
Our findings also point out that incidental intelligibility (Yang & Newman, 2013) was 
helpful for some participants, although error recovery was even more important when 
mispredictions happened. For these people incidental intelligibility helped them sustain 
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their trust in the system. However, some other participants didn’t value intelligibility as 
highly as we expected. We suspect there are multiple factors that contribute to the 
observed reactions. These factors include context (i.e., participants were asked to imagine 
being sick), the nature of interaction (i.e., system-initiated push notification), and the 
presentation (i.e., verbal explanation). More research is still needed to see whether 
implementing incidental intelligibility in user-initiated actions, and with other forms of 
presentation, might yield better results.  
4.5.3 Being Pertinent & Respecting Allocation of Agency 
Researchers (A. Clear et al., 2014; A. K. Clear et al., 2013) have already proposed to 
incorporate adaptive thermal comfort into the design of energy-saving systems. However, 
it was still unclear to us how to operationalize this concept in an appropriate way that can 
result in a useful system. Our findings suggest the importance of making adaptive 
suggestions that are pertinent and relevant to people’s identity and situations.  
Our findings point out that supporting appropriate user agency in making personal 
decisions at home is critical. Indoor clothing suggestions, even for passive designs like D3 
and D7, might step into some people’s private domain and be perceived as impertinent. 
Our findings also point out that many people already engage in adaptive behaviors. 
Suggesting these already-familiar adaptive behaviors without bringing in new insights 
comes across as ignorant and does not represent an effective approach to impacting 
behavior. Further, it is important to offer adaptive suggestions that fit people’s lifestyles 
and routines. People are usually quite resistant to changing their lifestyle or routines. Many 
of the common adaptive behaviors mentioned in prior adaptive thermal comfort work (e.g., 
drinking hot beverages) elicited negative responses from our participants due to their 
highly user-dependent nature. 
4.6 Limitations 
The insights from our study were obtained through User Enactments, which involve short-
duration engagements with possible future designs. We expect that users’ reactions to the 
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designs proposed in our study would evolve during a longer engagement. Our prototypes 
were also all probed in a single-participant setting. While we did ask participants to 
envision co-habitation, and we designed our interfaces with multiple users in mind, our 
study did not capture the complex social dynamics that may emerge in a longer field 
deployment. Given the early stage of design for both comfort-aware and eco-coaching 
thermostats, however, we felt that an important first step would be to survey a broader set 
of potential design directions using an approach that gives us insight into the underlying 
expectations and values that would drive responses to different approaches, as such values 
would influence both immediate and longer-term reactions. We look forward to future 
research that addresses the evolution of usage and complex social dynamics at home in a 
long-term deployment.  
4.7 Conclusion 
This work represents the first attempt to explore the design opportunity of comfort-aware 
eco-coaching thermostats: smart thermostats that can understand occupants’ thermal 
comfort while persuading them to save energy. To research this opportunity, we created 
fifteen prototypes covering a diverse set of design attributes and conducted a user 
enactment-based study with 11 participants. Our study provides insights into how different 
designs of comfort-aware eco-coaching thermostats might align with or against people’s 
values related to comfort, sustainability, control, convenience and allocation of agency.  
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Chapter 5. Leverage Eco-experimentation and Mutual-learning 
to Facilitate Residential Heating Control with ReefSetpoint
5.1 Introduction 
Space heating alone consumes more than 43% of energy used in homes (EIA, 2015), 
resulting in significant CO2 emission due to the heavy reliance on fossil fuel as an energy 
source in the U.S. (“U.S. Energy Information Administration (EIA)—Total Energy Monthly 
Data,” n.d.). Much of the heating consumption can in fact be reduced by creating better 
tools to facilitate heating control, as researchers have shown that individual habits 
significantly impact a person’s energy consumption (Sonderegger, 1978). For example, a 
large survey conducted in the U.S. shows that while 46% of households use thermostat-
controlled heating temperatures (i.e., “setpoints”) lower than 70°F (21°C), more than 31% 
of households use setpoints higher than 71°F (22°C) (Parker, 2013). Based on the rule of 
thumb that “1% of energy can be saved for each 1°F setback (i.e., a decrease of setpoint) 
over an 8-hour period” (Plourde, 2003), a significant amount of energy consumption can 
be reduced if people use lower heating setpoints.   
To reduce energy consumption, numerous learning thermostats have thus been developed 
(e.g., Koehler et al., 2013; The Nest Thermostat, n.d.). Such thermostats aim to facilitate 
heating, cooling and ventilation control (HVAC) by taking into account various 
environmental and human signals (Yang & Newman, 2013). For example, the Nest 
thermostat detects occupancy status of a house and triggers energy-saving setpoints when 
occupants are away from home (The Nest Thermostat, n.d.). As wearable devices become 
increasingly available, there is also a growing number of studies that aim to take into 
account individual’s comfort preferences by sensing physiological signals such as skin 
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temperature and learning their correlation with comfort (Gao & Keshav, 2013b; Huang et 
al., 2015). While such learning thermostats were shown to reduce energy consumption, 
long-term evaluation studies reveal that imperfect learning capabilities and lack of user 
control lead to wasted energy and reduced comfort (Yang & Newman, 2013; Yang et al., 
2014).  
To address these issues, researchers recently proposed investigating eco-coaching 
approaches (Pisharoty et al., 2015; Yang et al., 2016). Eco-coaching approaches aim to 
remediate artificial agents’ limited intelligence by broadening possible actions to take and 
considering the human in the loop. They consider users as part of the system, helping to 
achieve goals together with the agent. Along with automation, smart thermostats designed 
with eco-coaching approaches can also suggest actions or inform users about potential 
alternatives. However, studies of such eco-coaching systems are limited in the strategies 
considered. Questions remain on how to design a learning thermostat to best support eco-
coaching.  
In this work, we propose two new eco-coaching strategies, eco-experimentation and 
mutual-learning, for learning thermostats to further facilitate heating control. This work is 
inspired by prior studies (Huang, Liang, Wu, & Newman, 2017; Huang et al., 2015; Snow, 
Auffenberg, & Schraefel, 2017) and our experience designing thermostats with coaching 
and comfort inference capabilities. First, we believe that for domains where users do not 
yet know a good solution or are biased by preconceived opinions (e.g., regarding what 
setpoints to use at home), a smart system may facilitate problem solving by actively trying 
out different possible solutions in parallel. We refer to the eco-coaching approach that uses 
this strategy as eco-experimentation. Second, similarly to what Snow et al. (2017) proposed, 
we believe that to design a learning thermostat, we should not assume that learning 
happens only on the system side; it should happen on the user side as well. We define a 
learning process that supports both users and systems to learn as mutual-learning.   
Based on these ideas, we created a comfort-aware thermostat, ReefSetpoint (abbr. Reef), 
which can leverage both eco-experimentation and mutual-learning to support eco-coaching. 
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Reef facilitates both occupants and itself to learn about better settings by actively trying 
different temperature setpoints. Further, it facilitates user reflection by displaying data 
collected for model building back to user in an easily understandable fashion.   
In studying the lived experience of Reef in five households with ten participants for four 
to five weeks, we make two contributions in this chapter: 
1) Eco-experimentation: We show that a smart thermostat can help its occupants 
identify less resource-intensive setpoints to use by actively experimenting with 
different options during a learning period.  
2) Mutual-learning: We show that a learning thermostat that also supports user learning 
can help users identify actions that can lead to a better balance of comfort and savings 
considering the needs of multiple household members. 
5.2 Background & Related Work 
In this section, we briefly summarize the research on intelligent thermostats from three 
perspectives: 1) What contexts do they consider? 2) What actions can they perform? 3) 
How do they learn? 
5.2.1 Contextual Inputs to Smart Thermostats  
In the past two decades, there has been considerable work on smart thermostats that aims 
to automatically detect relevant contextual states in order to manage heating and cooling 
control (M. C. Feldmeier, 2009; Gao & Keshav, 2013b; Gupta et al., 2009; Koehler et al., 
2013; M. Mozer et al., 1996; Ranjan & Scott, 2016). These context-aware thermostats may 
detect occupancy patterns (Koehler et al., 2013), setpoint preferences at particular times 
of day (The Nest Thermostat, n.d.), and dynamic pricing changes (Alan et al., 2016), and 
use this information to control the temperature. Lately, with the advancement and 
increasing availability of wearable devices, researchers have begun to take physiological 
signals such as skin temperature, activity level, and correlated personal comfort levels into 
consideration (M. C. Feldmeier, 2009; Gao & Keshav, 2013b; Huang et al., 2015). Such 
 
 81 
comfort-aware thermostats are designed with the goal of sensing and inferring more fine-
grained individual levels of comfort. Early studies of these thermostats (Chaudhuri, Zhai, 
Soh, Li, & Xie, 2018; Gao & Keshav, 2013b; Huang et al., 2015) show the feasibility of 
inferring personal comfort using wearable devices and the potential to dynamically adjust 
heating and cooling based on multiple people’s comfort preferences. However, it is still 
unclear how systems that take into account such information can support a household in 
making HVAC-related decisions.  
5.2.2 Actions of Smart Thermostats 
Smart thermostats that automate HVAC control seek to reduce user burden by completing 
tasks with little to no input from users (Yang et al., 2016). For example, occupancy-based 
thermostats eliminate the need to manually configure a setback schedule (i.e., a schedule 
that indicates when to use particular setpoints) by using sensors to detect occupancy status 
and to trigger predefined setpoints that correspond to the home’s occupancy status (i.e., 
occupied or not).  
While these automation approaches have resulted in savings of roughly 10% (Koehler et 
al., 2013; Nest, n.d.), new issues arise as the thermostats start to consider more facets of 
context to assist control. First, studies show that existing systems have a hard time catching 
up with family members’ changing daily routines and the corresponding preferences (Yang 
et al., 2014). As these automated systems expect little to no input from users, small 
adjustments made by the users have been observed to lead to unintended system 
configurations and wasted energy. In addition to the issue of coping with people’s 
changing routines, some contextual information such as individual comfort (while 
valuable) cannot be inferred accurately all the time (Huang et al., 2015). Furthermore, 
there may not exist a simple policy that maps a detected context to an expected action due 
to variables hidden from the system, such as presence of visitors. How to use such a 
valuable but uncertain context-based predictions with potentially complex decision 
policies remains a challenge.  
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To address these issues, mixed-initiative approaches have been proposed, and some 
preliminary systems have been built and deployed (Pisharoty et al., 2015; Yang et al., 
2016). Mixed-initiative interaction (Allen et al., 1999; Horvitz, 1999) views artificial 
agents as capable of acting with different levels of autonomy (Goodrich & Schultz, 2008; 
Sheridan & Verplank, 1978) (e.g., supporting reflection or making suggestions rather than 
solely automating tasks) based on their knowledge of users and their confidence of 
prediction. Moreover, it views users and systems as partners, achieving goals together; 
agents can ask for help and users can provide it if needed.  
One type of thermostat that leverages mixed-initiative interaction to facilitate energy-
saving has been called an “eco-coaching” thermostat. For example, Pisharoty et al. (2015) 
created a thermostat that can provide different setback schedules with different comfort 
and energy-saving tradeoffs based on learned occupancy patterns. Users are then 
presented with recommended schedules and can decide whether to adopt one of the 
system’s recommendations. In generating these schedules, the system mainly varies the 
timing of energy-saving setbacks based on occupancy patterns. It does not question the 
default setpoints used by the participants. The authors showed that by making 
personalized schedule suggestions, their thermostat helped occupants identify alternative 
schedules leading to more energy savings. However, the work thus far on eco-coaching 
has been limited to setback scheduling, while there are many other areas a thermostat may 
coach, such as ideal setpoints to use when people are at home.  
5.2.3 Learning Process of Smart Thermostats  
In the past, learning thermostats were often assumed to be artificial agents that passively 
learned about users’ context and preferences (Huang et al., 2015; M. Mozer et al., 1996). 
They would go through a learning period to collect data, and then act according to the 
models built from the data afterwards. Under this paradigm, researchers assume agents 
are the ones that require learning, not the users. However, in many situations, it is 
beneficial for users to learn about their own preferences as well, such as for households 
with multiple occupants.  
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Recently, researchers have proposed the notion of co-performing agents (Kim & Lim, 2019; 
Kuijer & Giaccardi, 2018), an idea that emphasizes an artificial agent’s capability to 
perform tasks together with users. As both of them learn about the tasks and each other, 
the roles and functions of the agent evolve over time. In this concept, users are considered 
as learners and performers during the learning process. To the best of our knowledge, we 
have not seen work on learning thermostats that view learning in this fashion. The closest 
work we can identify is (A. K. Clear, Mitchell Finnigan, Olivier, & Comber, 2018), where 
the authors created a system to facilitate multiple occupants in an office to reflect on an 
acceptable range of indoor temperature by collecting and visualizing individual comfort 
feedback on a public display. However, the focus of their work was in office settings rather 
than homes. It is well-known that homes have very different social dynamics than offices 
and often require different design considerations (Crabtree, Rodden, Hemmings, & 
Benford, 2003).  
Our work differs from prior research in three aspects. First, our thermostat system supports 
coaching on temperature setpoints, rather than setback scheduling. Second, we explore 
eco-experimentation as a strategy for coaching rather than offering suggestions. This means 
that our system actively facilitates users to try out and evaluate different potential 
solutions. Third, inspired by the notion of co-performing agents, our system is designed to 
support both users and the system to learn about comfort preferences during the learning 
process, rather than simply constructing models based on comfort feedback. As users learn 
about their own preferences and the agent’s capability, they may configure the agent to 
act differently and expect different degrees of control. We call this learning process 
mutual-learning.  
5.3 System 
To investigate the feasibility of leveraging eco-experimentation as an eco-coaching 
approach, and to explore how to design thermostats that support mutual-learning, we 
developed ReefSetpoint (abbr. Reef). Reef is a comfort-aware thermostat that leverages 
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the two above-mentioned strategies to encourage less resource-intensive heating choices.  
In this study, we focus on investigating the initial learning process of Reef, a period where 
it collects comfort feedback from users in preparation for creating personalized comfort 
models. Reef did not perform any online learning nor did it attempt to recommend or 
enact setpoints or setback schedules based on inferred comfort models. Demonstrating the 
accuracy and acceptability of Reef’s modeling, prediction and control is ongoing work and 
beyond the scope of this chapter. 
5.3.1 Features of Reef 
Reef supports four major functions. First, it can actively explore different possible setpoints 
to use when people are away, at home and sleeping, namely, the AWAY, AWAKE, and ASLEEP 
setpoints. Second, as a thermostat designed to support learning of comfort preferences, it 
aggregates a variety of data relevant to personal comfort from indoor, wearable and Web-
based virtual sensors. Third, Reef leverages experience sampling (Hektner et al., 2007; 
Stephen S. Intille, Rondoni, Kukla, Ancona, & Bao, 2003) to request comfort feedback 
from users via micro-questionnaires (S. Intille, Haynes, Maniar, Ponnada, & Manjourides, 
2016) implemented on smartwatches. Reef uses its context sensing capability to trigger 
different micro-questionnaires. Finally, while Reef collects users’ comfort feedback for 
performing comfort modeling, it also displays the collected data back to users to facilitate 
 
Figure 4. Left: A simplified system architecture of Reef; Right: a) Reef’s Microsoft 
Band 2 interface; b) A multi-sensor deployed in a participant’s home; c) A deployed 
location beacon; d) Location tags with different form factors. 
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user reflection on preferred setpoints (see Figure 5). 
Note that there are many possible models of comfort preferences. We mainly considered 
two types of models in our work. The first is a simplistic model where the system simply 
learns to associate a satisfaction score with a setpoint, given a setpoint mode (AWAKE, ASLEEP, 
AWAY). Once it learns, it can then pick a setpoint for a mode that maximizes satisfaction. 
The other approach is a machine-learning-based model (Huang et al., 2015), where the 
system can leverage multiple sensor data streams to infer comfort sensation at the moment.  
In the following sections, we describe the technology components of Reef that allows it to 
support the above-mentioned functions.  
5.3.2 Perception & Control Component 
Reef uses a Nest thermostat (The Nest Thermostat, n.d.) to control heating and cooling and 
integrates four types of sensors to collect information relevant to individual comfort. First, 
a set of multi-sensors (“AeoTec MultiSensor,” n.d.) are used to detect room temperature, 
 
Figure 5: Phone interfaces to support reflection. Left: Feedback for ASLEEP mode; 
Right: Feedback for AWAKE mode. Clicking on a dot will reveal detail context.   
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humidity, and motion in different areas of a house. Second, a Microsoft Band 2 (“Microsoft 
Band 2,” 2019) is used to detect physiological signals including skin temperature, galvanic 
skin response, and activity level of each user. Third, a set of cloud-based virtual sensors is 
used to detect outdoor temperature and humidity in the area of a house, and the heating 
and setpoint status of the Nest thermostat. And finally, to track the location of house 
occupants we built a Bluetooth-based room-level indoor positioning system (similar to 
[Faragher & Harle, 2015]) to infer indoor location in real-time. Using this system, a 
location model was trained for each house during initial home visits. Our system reaches 
higher than 90% accuracy for the test datasets we collected in each house. 
All these sensor signals are pushed to the inference and decision-making (I&D) component 
in near real-time with a streaming-based approach, thus allowing the I&D component to 
infer secondary context and to take actions such as sending context-aware micro-
questionnaires.  
5.3.3 User Interaction Component 
A watch app and a mobile app were built on Microsoft Band 2 and iOS. The watch provides 
an interface for users to quickly report their comfort feedback. In this study, we use five-
level comfort labels similar to (Huang et al., 2015). These labels include: “much too cool,” 
“a bit too cool,” “just right,” “a bit too warm,” and “much too warm”.  
We built a mobile application to let users manually adjust their thermostat setpoints. The 
app also allows occupants to configure the parameters relevant to eco-experimentation, 
such as the temperature range Reef uses for eco-experimentation. Further, to support 
household members in reflecting on their collective preferences, the app provides 
visualization of occupants’ comfort feedback and the contexts associated with each 
feedback (e.g., where were they when they felt cold). We designed multiple dot plots to 
highlight the relationship between setpoint, indoor temperature, and comfort among 
multiple household members (see Figure 5). Users can also tap on a data point to view 
detailed context, including the time, location, activity level and other sensor data 
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associated with comfort feedback.  
5.3.4 Inference & Decision-making Component  
The inference component infers several secondary contexts, including if occupants are 
asleep, their indoor locations, and the home/away occupancy status of the house as a 
whole. For simplicity, Reef determines asleep status based on users’ predefined wake up 
and sleep times, though future versions could infer sleep status more dynamically 
(Pisharoty et al., 2015). For occupancy status, Reef integrates data from all the motion 
sensors and the indoor localization system to make an inference. Some households may 
have occupants that do not wear a watch or location tag, such as children. In this situation, 
Reef would still use motion sensors to detect their presence and avoid triggering its AWAY 
mode.  
In addition to inference, this component also selects different setpoints given different 
activity contexts (AWAKE, ASLEEP, AWAY), and sends micro-questionnaires to obtain comfort 
feedback via remote notifications.  
Random Sampling of Setpoints: For Reef’s learning phase, we employed a random probing 
policy in choosing the setpoint to use for a given time of day. Reef first randomly selects a 
setpoint for each possible activity context of a day (AWAKE, ASLEEP, AWAY). The range of 
allowable setpoints for each context is configured by the users before the learning begins. 
Once each context’s setpoint is chosen, Reef monitors the users’ context and determines 
which setpoint to use for a particular time. During learning, Reef also detects if the user 
overrides the setpoint and, if so, suspends control of the thermostat and maintains the user 
selected setpoint until the next morning.  
We chose random sampling over other approaches (e.g., reinforcement learning [Sutton 
& Barto, 1998]) as it was unclear to us how to balance exploration (i.e., trying out 
alternative setpoints) and exploitation (i.e., use users’ prior setpoints) in this application 
setting. Random sampling provided us the ability to repeatedly sample a single setpoint 
on different days, providing data about that setpoint under different conditions. Even 
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though people may be uncomfortable with a setpoint some days, they may be comfortable 
with it some other days due to factors other than temperature (A. K. Clear et al., 2013; de 
Dear & Brager, 1998).     
5.4 Methods 
5.4.1 Participants 
We recruited participants through local mailing lists, online forums and Facebook ads. 
Participants were required to be iPhone users and live within 40 miles of our university 
campus. In addition, while each participating household had to contain exactly two adults, 
we imposed no constraints on the number of children and pets.  
In total we recruited 5 households and 10 participants (2 per household). Our participants 
ranged in age from 29 to 65+ and had different numbers of children and pets (see Table 
Table 7: Participants information  








H2a Steve 1 Dog Nest 70 68-71 
H2b Sharon 
H3a Andrew 2 Children & 
1 Dog 
Programmable 68 66-69 
H3b Mia 
H4a Jane 2 Dogs Programmable 68 66-69 
H4b Tyler 
H5a David None Programmable 70 67-70 
H5b Diana 







7).  The living space of these houses ranged from 800 to 1400 sq ft (74 to 130 m2). The 
setpoints used by these households prior to the study also differed –– ranging from 68°F 
(20°C) to 72°F (22°C). The parameters they used for experimentation also differed. 
Participants were compensated based on their completion of home visits, interviews, as 
well as optional comfort feedback and a weekly diary. Each participant received between 
$16.2 and $49.1 (mean=$29.7). Each household also received a Nest thermostat as a gift.  
5.4.2 Field Deployment Study 
Prior to our deployment study, a pilot study was first conducted in two of the authors’ 
homes (H0, H1) with two adult participants in each home for 1-2 months to ensure 
stability of the system and to sharpen the user experience of the thermostat. Afterwards, 
the actual deployment happened between late March and early May, 2019. At the time of 
the study, the study area had a mean temperature of 49°F (9°C) and a minimum of 22°F 
(-5°C). All participants actively used their heating systems throughout the study.  
Our study included three phases: pre-deployment, deployment, and post-deployment. 
During the pre-deployment phase, we visited each home two times for two hours each. 
During these visits, we installed all the study equipment and software. More than 20 
sensors and devices were deployed in each household, with a total of more than 100 
sensors and devices running during the study. Between the two visits, an interview and a 
questionnaire were also conducted with each participant remotely. This helped us 
understand each participant’s attitudes toward comfort, heating, energy savings and 
sustainability.  
During this period, participants were also informed that this was a research study to 
investigate thermostats that could learn about their comfort preferences, and the focus of 
the study was on its initial one-month learning period. As Reef was still learning, it would 
not control their setpoints based on the comfort feedback collected in this study. 
Afterwards, we started the deployment phase which lasted 4-5 weeks for each household. 
Participants were encouraged to respond to micro-questionnaires sent from the system and 
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to initiate comfort reports themselves six times a day. We received a median of 175 comfort 
reports per participant (6 per day) during the deployment. Participants were also 
encouraged to respond to weekly diaries sent via email. These diaries helped us better 
understand their experience living with Reef. If participants did not like the setpoint 
experiment by the system, they could also override it or reset the learning parameters. 
Two households (H5, H6) updated their learning parameters in the first week of the study, 
as they found the minimum setpoint used by the system to be too uncomfortable. While 
H5 successfully updated the range to match their preferences, H6 accidentally lowered the 
range to be 67-70°F, a range much lower than their previous setpoint at 72°F. None of the 
research team and the participants found out this issue until the exit interview.  
After the deployment phase, we then conducted a 1-hour exit interview and questionnaire 
remotely with each participant to gain a deeper insight of their experiences.  
5.4.3 Interview Study 
In this chapter, we focus the analysis on our participants’ experiences living with Reef; this 
is mainly based off of the analysis of the qualitative data obtained through interviews, 
questionnaires and weekly diaries. We first transcribed all the exit interview recordings, 
then used thematic analysis to create an affinity diagram mixing all the data from the 
interviews, questionnaires, and diaries to identify themes.  
5.5 Findings 
In this section, we will first report findings on the usefulness of having an initial learning 
process that leverages eco-experimentation and supports mutual-learning. We will then 
reflect on Reef’s design attributes that may contribute or hinder its capabilities to support 
agent learning and user reflection. The names used in Table 7 and the following sections 
are all pseudonyms.  
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5.5.1 Eco-experimentation and mutual-learning led to better understanding of 
preferences 
5.5.1.1 Eco-experimentation helped users identify better AWAKE setpoints 
Even though all of our participants had been living with a thermostat for a long time and 
had been trying to reduce their heating costs, five of the participants found out they could 
live with a lower setpoint after going through Reef’s learning process. For example, Mia 
found that while she had already used an eco-friendly setpoint prior to the study, she did 
not realize that she could live with an even lower setpoint: “Just before we always thought 
that 67°F and 68°F were the most common eco-friendly temperatures and we didn't know that 
we would be fine at an even lower temperature [66°F]. So we never really thought to 
experiment with a lower temperature. Now that we have, especially [living] with the Reef app 
and the Nest Thermostat [as part of the Reef system], it's nice to know that we can have an 
even lower temperature in the house.”  
While the other five participants did not identify a new setpoint to use while they were at 
home, two participants found that they could be comfortable under a wide range of 
setpoints –– even though sometimes they felt cold under cooler settings, often times they 
were not. Steve explained that going through this learning process made him aware of his 
wide comfort zone: “I didn't realize that I felt comfortable at such varying temperatures 
because [the temperature detected by Nest while I reported being comfortable] ranged from 
65°F all the way up to 75°F.” Note that Steve was reflecting based on the visualization that 
showcased the correlation between indoor temperature detected by his Nest and occupants’ 
comfort. Although Reef only experiment 68-71°F in Steve’s household for AWAKE setpoint, 
the indoor temperature could sometimes reach lower or higher due to transition between 
setpoint modes (e.g., from AWAY to AWAKE) and warmer outdoor temperatures. This caused 
some comfort feedback to be collected with an associated indoor temperature outside the 
range of experimentation. 
For these two participants, while they did not prefer to stay with a lower setpoint all the 
time, this understanding of their “lower but mostly OK” setpoint may help them accept a 
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cooler setting for a short period of time. For example, when asked about if he was willing 
to use a lower setpoint for one day a week, Andrew responded: “I think that I would, based 
on the data that we have. ... I think before doing this [setpoint experimentation], if I had a 
thermostat that said that [use 66°F for a day], I would be, ‘Absolutely not.’ But now I think, 
just looking at how often I was comfortable at 66°F, yeah, I think I would be comfortable with 
saying we're going to try that out, one day a week [could] be at 66°F. Yeah.” 
5.5.1.2 Eco-experimentation helped people identify better ASLEEP setpoints 
It was challenging for Reef to collect people’s comfort feedback with regard to ASLEEP mode. 
This was due to our limited instruments for experience sampling. Reef only sent one micro-
questionnaire per day with regard to ASLEEP mode at a predefined time in the morning. 
Participants often still had their watches charging and their phones on nightstands. This 
caused the micro-questionnaires to be easily overlooked. Due to this reason, only three 
participants (Sharon, Mia, Jane) provided more than 10 days of sleep time feedback 
(across the entire 4-5 week study period).  
Despite the limited feedback, two participants among the three found out that they could 
live with a colder ASLEEP temperature. For example, Mia (H3b) had previously changed the 
setpoint in her house from 68°F to 71°F at night when she slept as her bedroom tends to 
be colder. After living through Reef’s experimentation process, she found out that she 
could sleep comfortably with a lower setpoint. “I really like that it dropped the temperature 
a little bit at night. There were times I was like, ‘Oh, it's really, really cold,’ to start off, but 
throughout the night I would get really warm because the dog's in there with me and then the 
two kids are on both of my sides. So it gets hot. That was nice that I learned that eventually 
it's nice that it starts out cold because it's going to get hot." 
5.5.1.3 Mutual-learning helped occupants understand each other’s preferences 
While all of our participants had been living with their partners for multiple years and they 
felt that they generally understood their partners’ temperature preferences prior to the 
study, almost all of the participants responded that they learned more about their partners’ 
temperature preferences after the study. For example, Sharon stated: “I actually thought 
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that we would be more different. We ended up being pretty close together. That's good to 
know.”  
In three households, this understanding helped them identify a more energy-saving but 
acceptable setpoint to use. When asked about the preferred setpoints for their households 
in the exit survey, six participants (from H2, H4 and H6) responded with a setpoint that 
was lower than what they had previously used. According to the visualization shown by 
Reef, they believed this lower setpoint would work for the household. For example, before 
the study, Steve and Sharon typically used 70-71°F. After living with Reef, Steve suggested 
that 68°F would work for them and Sharon suggested 69°F. If these participants decided 
to control the setpoints themselves after the learning process, they would likely reach an 
agreement between 68°F and 69°F, resulting in a setpoint around 1-2°F lower than what 
they used previously. This could reduce heating usage in their house by one to four percent 
based on the heuristic that reducing 1°F for an 8-hour period each day can lead to 1% 
saving (Plourde, 2003).  
5.5.2 Human-in-the-loop led to better eco-experimentation 
5.5.2.1 Anchoring experimentation on prior settings led to higher acceptance 
The majority of the households found the learning range used by Reef to be acceptable, 
even though they were uncomfortable sometimes. For these households, they used a 
default AWAKE learning range recommended by Reef, which ranged from 2°F lower than 
their previous setpoint to 1°F higher. For example, Taylor and Jane (H4) preferred to use 
68°F before the study and they decided to use 66°F to 69°F as the range of temperature 
for Reef to try out. Afterwards, they found this range to be acceptable. Tyler explained 
that although there were times that he felt uncomfortable, the learning process was 
painless for him: “I mean, there was one time in the middle of the night I woke up pretty cold. 
Other than that, it was a painless situation with [Reef] trying to learn my likes and 
dislikes.”   
However, for two other households that configured Reef to use an AWAKE or ASLEEP learning 
range that reached more than 2°F lower than their previous setpoints, they felt that the 
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temperature range was too extreme and had to adjust the range in the first week of the 
learning period. For example, Chloe and Mason (H6) configured their Reef to use an ASLEEP 
learning range that ranged from 65°F to 69°F while they previously used 71°F while 
sleeping. Noted that for ASLEEP temperature, Reef suggested 3-6°F lower than their prior 
setpoint as the learning range to encourage sleep-time energy savings, although 
participants could still edit it to whatever they wanted.  After a few days, Chloe found the 
temperature to be unbearable and she decided to adjust the range. “So I thought we had 
set [Reef] to 68°F for when sleeping but last night I froze all night and when I checked it 
around 5 am it said it was at 65°F with most rooms in the house having dropped to 61°F 
[detected by Multisensors], so I adjusted its learning mode for night time hours.” Similar 
things happened in H5 where the participants had to adjust the AWAKE learning range in 
the first week. The adjusted learning range still allowed Reef to explore 2°F lower than 
their prior default setpoint, but not lower.  
5.5.2.2 Supporting easy override and “pause of experimentation” led to better user control  
In our design, despite Reef actively trying out different temperatures, it would also pause 
its experimentation at any point until the following morning if participants overrode the 
temperature. Under this design, all of the participants felt that they were still in control of 
their thermostats even if Reef experimented with different setpoints. “I felt I was [always] 
in control. ... I felt the system was providing suggestions to me. Then I could act accordingly 
if I didn't like the suggestion. I felt I didn't feel it had control of the house or whatever of the 
temperature. Because at any time I could control it and adjust it.” (Tyler) 
5.5.2.3 Micro-questionnaires reduced burden of system training 
Reef prompted users for comfort feedback every 40 minutes while they were home, and 
the majority of participants found this frequency to be acceptable. We believe Reef’s usage 
of micro-questionnaires on a smartwatch reduced the burden of reporting, making the 
high frequency of prompting acceptable. For example, Chloe, a participant that reported 
her comfort feedback 97% of the time from her watch, stated: “The notification didn't 
bother me. ... because the [watch] interface, how you reply, is so simple and automatic. I could 




However, depending on the versions of their phones, participants with older iPhones 
tended to have connectivity issues with their watches. They therefore reported their 
comfort on their phones more often, which potentially caused annoyance given the high 
frequency of experience sampling. For example, Steve –– a participant who reported his 
comfort 90% of the time from his phone, as he had trouble getting his watch connected –
– stated: “It was a little annoying to get the notifications when you're at home every couple of 
hours, every hour. ...  I mean, the first week wasn't bad, but then after a while it would really 
start to be, yeah, I'd say annoying. Irritating.”  
5.5.3 Agent learning and user reflection were reciprocal 
5.5.3.1 Agent learning supported user reflection 
We found that providing views of previous comfort reports during the learning period 
enabled user reflection, as participants were motivated to provide comfort feedback to 
train their thermostats. This therefore offered enough data for reflection. All of the 
participants found the benefits of having a system learn their preferences outweighed the 
risk of discomfort. For example, Jane stated: “Overall, seeing the end result and knowing 
what the goal is, I think [this learning process] is fine. You just have to stick with it to have 
it learn where your comfort zones are.” 
If agent learning (i.e., collecting comfort feedback to train comfort models that can be 
used to facilitate thermostat control) were to have been removed from user reflection, we 
may have had difficulty obtaining comfort feedback and convincing people to reflect on 
their preferences under a lower temperature. For example, Mason explained that if the 
thermostat did not show any sign of learning after training it for a month, it would be 
frustrating for him to go through this experimentation process. Even though reflection 
could provide benefits at the end, it appears that Mason was primarily motivated to train 
a thermostat that could understand his preferences, rather than reporting for self-
reflection: “If we would have done this study over the course of an entire season, and if it 
didn't seem to be learning, I think that would be a little frustrating.”  
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5.5.3.2 User reflection supported agent training 
Almost all of the participants found the visualization feature to be useful for making sense 
of their comfort preferences. For example, Sharon explained: “I think it's mostly from 
looking at the graph [to make sense of my preferences]. I don't think I consciously was looking 
at what is the temperature now [on the physical thermostat] and how comfortable I feel. I 
think I needed the summary, the reflection report to see that.” 
While we designed the visualization to support reflection, we found that displaying data 
back to users also made them felt that the system was making progress, potentially leading 
participants to feel that the system was more trustworthy and intelligent. For example, 
Andrew explained: “I felt more comfortable probably having the opportunity to review the 
data and anything like that. ... It's transparent enough that I got to experience it. ... And I 
found it [Reef displaying data] more interesting than just being a part of [the learning 
process], I actually got to go in [to the mobile app’s visualization] and see some of how it 
[Reef] worked.” 
5.5.4 Shortcomings of Reef 
5.5.4.1 Failing to remediate when people reported being uncomfortable 
In our study, Reef did not adjust the setpoint right away when people reported being 
“much too cool” or “much too warm”. We expected people to manually adjust the setpoint 
via the phone interface after offering comfort feedback. It was a challenge during design 
to balance the two needs: the need to make repair easier if errors happened, and the need 
to facilitate mutual-learning and adaptive behaviors (that is, discouraging immediate 
setpoint adjustment and encouraging users to engage with alternative practices to keep 
themselves comfortable). We thus designed the phone interface to allow adjustments once 
users provided a comfort feedback; there was no way to adjust temperature on the watch. 
Through this design, we increased the steps required to achieve temperature adjustment 
in the hope to discourage frequent manual changes.  
However, two participants found this to be annoying, as they expect if a thermostat was 
intelligent enough to ask people “how do you feel now?” it should know to take action if 
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the answers were “much too cool.” For example, David explained: “The thing I'm not sure 
what ... Reef is supposed to do. It didn't seem like if I kept saying it was cold, it never really 
adjusted. That's the part that was a little bit, I would say confusing, or sometimes irritating a 
little bit.” Since David primarily interacted with Reef through his watch, the lack of a 
temperature adjustment on the watch made him feel like this “intelligent” system was 
ignoring his request.  
5.5.4.2 Inability to differentiate override intention 
Although Reef’s ability to pause its learning in response to user override helped 
participants to feel in control, the duration of the pause could cause confusion. In our 
study, Reef would disable its experimentation until the next morning’s first AWAKE mode 
occurrence. However, this meant that if participants overrode its setpoint in the morning, 
the setpoint would stay the same throughout the whole day and night. For some 
participants (e.g., H5) that used a night-time setback prior to the study, they experienced 
some warm nights and were not able to sleep well. They had to remember if they overrode 
once in a day, they had to provide manual control the whole day –– this could be annoying 
and confusing as people did not always remember these system behaviors.  
5.5.4.3 Lack of iterative and online learning 
Participants were informed about Reef’s one-month learning period prior to the 
deployment. While the majority of the participants accepted this duration, two participants 
expected the benefits of learning to start earlier. They expected Reef to learn more actively 
–– collecting feedback for two weeks, act based on the feedback, and then continue to 
learn with a reduced frequency of experience sampling. For example, David explained: “I 
could live with getting cool for one to two weeks, and [having Reef] getting that [comfort] 
information and I could see the [result of] learning. ...  If I see learning, and I see where 
there's intelligence going on there, I can live with it. If I can add one more thing here. Even 
after a month or two... If it tries a little bit lower every now and then, just to see if data is 




Reef facilitates mutual-learning and leverages eco-experimentation as two strategies to 
support eco-coaching. It actively explores different possible setpoints to use that may reach 
a better balance between comfort and savings, and it shares training data back to users to 
support reflection among multiple household members. These approaches allowed Reef to 
offer four benefits: it helped participants identify better setpoints to use when they were 
active at home (AWAKE mode), and when they were sleeping (ASLEEP mode); it helped some 
participants to accept short-term saving suggestions (e.g., lower the heating setpoint for 
1-2°F one day a week (Huang et al., 2017)); and it helped occupants better understand 
each other’s comfort preferences, which can lead to better setpoint settings that increase 
comfort or savings. In the following sections, we highlight implications for design to better 
support eco-experimentation and mutual-learning.  
5.6.1 Providing mildly-challenging while respectful eco-experimentation  
5.6.1.1 Personalize experimentation settings and allow pause of experimentation 
During design, our team extensively debated the choice of setpoint range that should be 
used to support experimentation. If selected inappropriately, we either hindered the ability 
of the thermostat to learn, or put users at risk of discomfort (which could, in turn, threaten 
user acceptance). In the end, we opted for a mildly-challenging approach, where the 
system would offer a default suggestion to start with that was generated based on people’s 
prior setpoints with a small deviation (e.g., in the case of AWAKE setpoint, from two degrees 
lower than the prior setpoint to one degree higher). This design was inspired by Yang et 
al.’s (2016) finding that many people are willing to explore settings that are slightly 
outside of their comfort zone. While users could adjust the learning range beyond the 
defaults the system would enforce a four-degree difference between the minimum and the 
maximum setpoints, ensuring sufficient space for exploration. Similar to (Pisharoty et al., 
2015), Reef also displayed different benefits and drawbacks given different ranges.  
While the design of Reef prioritizes experimentation, we were aware that life is full of 
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unexpected events that are challenging for a smart system to anticipate (Bellotti & 
Edwards, 2001). To cope with these events, Reef allowed users to override its setpoint, 
either through the physical interface of Nest, or through Reef’s mobile application. User 
overrides paused the experimentation until the next morning. With this approach, Reef 
respected people’s comfort needs, treating them with higher priority than its learning 
objectives.  
We found that our design worked well for the majority of our participants. Although there 
were times where they felt uncomfortable, they felt that it was easy enough to quickly 
adjust the setpoint themselves. They also felt that the benefits of having a system to learn 
about their comfort preferences outweighed the potential for temporary discomfort.  
However, for a few participants that (for unknown reasons) started with a range that 
reached lower than 2°F compared to their prior setpoints, they quickly found out that these 
setpoints caused them to be “much too cool” consistently and updated the experimentation 
range in the first week. These participants were also frustrated about Reef’s lack of reaction 
after they reported being “much too cool.” The thermostat was perceived to be 
inconsiderate as it did nothing when people felt uncomfortably cold.  
Our override design also caused issues as participants did not always remember that once 
they overrode the temperature, they had to manually adjust it until the next morning, 
including manually setting a night-time temperature. A better design should ask people 
about the duration of “pause,” allowing participants to disable it until the next morning, 
before sleep, or for the next 3 hours.  
Our findings therefore indicate that a 2°F deviation based on prior setpoints may be a 
sweet spot for an initial round of experimentation. We also show that if users consistently 
report “much too cool” for a certain setpoint, the system should significantly reduce the 
chance to sample this setpoint, and it should adjust the temperature right away. Based on 
our findings, we suggest that future eco-experimentation systems support personalized 
learning parameters and offer more flexible override mechanisms. 
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5.6.1.2 Provide benefits of learning sooner 
To support eco-experimentation, one question we have is how long the initial learning 
period should last. If it is longer, the system can obtain more training data to build a more 
accurate comfort model, and thus deploy control policies that better respect users’ comfort 
needs. If it is shorter, users may get some benefits earlier that motivate them to continue 
training and using the system. In the end, we decided to explore a one-month learning 
period as we estimated that this would provide sufficient comfort feedback for each 
experimented AWAKE, AWAY and ASLEEP setpoint.  
We found that one month of initial learning worked well for the majority of the 
participants. They were willing to continue offering feedback even though the system did 
not leverage their comfort feedback to perform actions (besides supporting user reflection). 
However, for a few participants, they felt that this learning period was too long, and they 
expected to see benefits earlier –– within 1-2 weeks. That is, they expected the system to 
learn more iteratively, taking in feedback for 1-2 weeks, then begin using this information 
to perform actions while continuing to request comfort feedback –– ideally with a reduced 
frequency. Thus, to improve the experimentation process, we recommend future systems 
offer benefits sooner, such as considering a more iterative learning process (Horvitz, 1999; 
Sutton & Barto, 1998). However, how to design an iterative experimentation process is 
still a challenging question, as it involves creating smart home systems that can 
dynamically adjust their coaching strategies based on certainty of their knowledge of users’ 
preferences. More research is still needed to explore such mixed-initiative systems (e.g., 
Horvitz, 1999) in the context of homes.  
5.6.1.3 Leverage context-aware micro-questionnaires 
Another design challenge we faced was determining the frequency of requesting comfort 
feedback. We wanted as much feedback as we could get while not burdening our users. 
To address this, we used micro-questionnaires (S. Intille et al., 2016) where users easily 
tapped a button on their watch to respond to comfort sensation questions. This can be 
done within 1-3 seconds, and for many participants, they expressed that this was easy 




However, while this micro-questionnaire approach worked well for collecting comfort 
feedback for the AWAKE setpoint, it did not work well for the ASLEEP and AWAY feedback. To 
collect feedback with regard to the ASLEEP and AWAY setpoints, the system used sensors and 
user-provided information to infer context and to trigger questionnaires at specific 
moments. For example, the system used a pre-defined wakeup time to trigger micro-
questionnaires for the ASLEEP time feedback. It turned out we collected very few reports 
with regard to AWAY setpoints (feedback for which was requested shortly after users 
returned home), and only some reports for ASLEEP setpoints due to the limited instruments 
for experience sampling. For example, participants who still had their watches charging 
when receiving an ASLEEP questionnaire easily overlooked this question. To improve the 
evaluation of ASLEEP and AWAY setpoints, future research may consider instruments more 
situated in the context of reporting (Kummerfeld, Tang, Kay, & Yekeh, 2015; Paruthi, Raj, 
Baek, et al., 2018). This may involve using a situated self-report device (Paruthi, Raj, Baek, 
et al., 2018) near a doorway or on a nightstand that serves as an ambient reminder as well 
as an interface to collect comfort feedback when people arrive home or wake up.  
5.6.2 Embedding reflection in agent learning 
5.6.2.1 A simple probing strategy is adequate for balancing learning and user satisfaction 
A challenge we faced during design was the choice of experimentation policy to support 
mutual-learning. In the end, we chose a simplistic approach; that is, we randomly selected 
a setpoint from a range configured by the occupants. We believed that this simplistic 
approach could provide sufficient opportunities to explore more energy-saving setpoints 
(i.e., support learning), and offer enough time to be at setpoints where occupants are 
highly likely to be comfortable (i.e., maintain user satisfaction). The parameters we chose 
allows the system to experiment a setpoint more than five days during its learning period. 
If users offered multiple comfort feedback a day, then this resulted in more than ten 
comfort feedback per setpoint, a number that we believe is sufficient to support reflection 
and agent learning.  
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We found this simplistic learning policy worked well to support user reflection. It allowed 
people to identify alternative setpoints that would also work for their households –– they 
did not explore these solutions before due to the lack of tools to encourage 
experimentation. Our probing approach allowed the system to repeatedly sample a 
setpoint even if people reported being “a bit too cool” sometimes; at other times, they felt 
“just right” with these setpoints. We found that this approach was helpful in identifying 
setpoints which make people feel cold, but bearably cold, an insight that is helpful for the 
system to suggest short-term setpoint adjustments to save energy (Huang et al., 2017). 
Our learning policy also made it likely that participants were comfortable at least half of 
the time, which may have contributed to the users’ general acceptance of the mutual-
learning process. Other reinforcement learning policies may further improve the 
effectiveness of this mutual learning process, for example, an epsilon-greedy policy that 
reduces the chance of using a setpoint if uncomfortable feedback is detected (Sutton & 
Barto, 1998). However, more research is still needed to evaluate these policies in terms of 
their effectiveness on supporting both users and agents to learn optimal settings.  
5.6.2.2 Agent training and user learning are reciprocal 
We found that agent training facilitates user reflection. That is, knowing that they were 
training a “smart” thermostat, participants were willing to provide a lot of comfort 
feedback to the system; this in turn helped with user reflection. If our system was only 
designed to support reflection as (A. K. Clear et al., 2018), it would be unlikely that it 
would collect enough feedback from each individual to be able to allow them to determine 
if an alternative setpoint would work.  
On the other hand, we also found that data displayed by the system for reflection also 
helped the system gain users’ trust and motivate their participation in training. This finding 
provides evidence to support the development of more scrutable (J. Kay & Kummerfeld, 
2013), intelligible (Lim, Dey, & Avrahami, 2009) and transparent (Cook & Kay, 1994; 
Cramer et al., 2008) agents. For example, some participants commented that looking at 
the visualization gave them a sense of progression in terms of agent’s learning. This 
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visualization also helped them confirm that the agent was doing what they expected it to 
do –– to collect, organize, and extract insights from the comfort feedback they provided. 
Taken together, our findings suggest a reciprocal relationship between displaying learning 
data for user reflection and gathering data for agent training.  
5.6.3 Implications for other smart home applications 
While we focused on HVAC as an area to investigate eco-experimentation, there are other 
application domains that may benefit from eco-coaching that incorporates eco-
experimentation and mutual-learning. For example, researchers have investigated the 
distribution of energy between appliances, in-home batteries, and electric vehicles (EVs) 
(A. J. Brush et al., 2015). This problem shares a similar structure with our system: the 
system can experiment with different distribution strategies and it requires users’ feedback 
with regard to impact on their daily living. This approach may also be used in other 
applications such as smart laundry machines that consider dynamic pricing (Bourgeois et 
al., 2014). Indeed, there are many other opportunities where mutual-learning can be 
applied in smart homes. For example, home robots that aim to learn about household 
routines to support chores can share data related to activity patterns back to users to 
support reflection on family time use (Dong et al., 2015). We believe more research is 
needed to explore the effectiveness of these strategies in different problem domains.  
5.7 Limitation 
Our studies took place primarily in the northern United States in April, while the weather 
was relatively mild. Despite the weather still being cold enough in the area of the study 
that participants were still using heaters, reactions to the system may have been different 
in mid-winter, when outdoor temperatures in our area can reach below 0°F (-18°C). 
Furthermore, as with many prior deployment studies (e.g., Koehler et al., 2013), the high 
complexity of system deployment meant that we were only able to conduct our studies in 
five households with ten participants. As technologies evolve, a smart home system like 
Reef will be much more inexpensive and less complicated, allowing larger scale 
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deployment to study how people with different attitudes respond to such a system. 
Although limited by these factors, we believe that our findings show that eco-
experimentation and mutual-learning represent two promising strategies to support eco-
coaching that deserve further study.   
5.8 Conclusion 
In this chapter, we have introduced two strategies for eco-coaching, namely, eco-
experimentation and mutual-learning. We developed ReefSetpoint, a comfort-aware 
thermostat that can actively experiment different setpoints for different activity contexts 
(AWAKE, AWAY, ASLEEP) to facilitate both the occupants and the thermostat in learning about 
user comfort preferences. By deploying the system to five households for 4-5 weeks, we 
demonstrated that a system leveraging these two eco-coaching strategies can facilitate 




Chapter 6. Discussion & Future Work
In Chapter 1, I introduced the vision of wise homes, homes that are augmented with 
artificial intelligence capabilities to carefully coach people to help them achieve goals such 
as to live more sustainably and healthier. In such a vision, homes can also leverage the 
burgeoning of ubiquitous devices to better understand their occupants’ goals, preferences 
and contexts, thus to facilitate their everyday decision making and to automate tasks. To 
investigate how to design such wise homes, I show that residential heating and cooling 
control is an appropriate starting point as this application domain shares the same 
challenges as we advance smart homes toward wise homes: that is, they both encounter 
challenges in supporting coaching and in sensing contexts. To further advance homes 
toward this vision, although limited, researchers have started to adopt mixed-initiative 
interaction in the design of smart home applications. Based on the three studies conducted, 
this thesis contributes to the design of mixed-initiative interaction in the home setting, 
providing insights on how to approach our vision of wise homes through better 
collaboration between humans and homes. However, there are still many unanswered 
questions that are important to the development of wise homes. In the following 
paragraphs, I will therefore briefly summarize the findings from each of the studies, discuss 
the limitations of this work, following by the steps that may be taken to further advance 
the research on smart homes.  
6.1 Improving Comfort Inferences 
The study presented in Chapter 3 demonstrates the promising opportunity to leverage the 
increasingly available wearable and in-home devices to infer individual thermal comfort, 
thus enabling the development of comfort-aware thermostats. That is, smart thermostats 
 
 106 
that can take into account people’s thermal comfort preferences to facilitate heating and 
cooling control. However, in this chapter, I also show that there are limitations of this 
approach due to nuanced human preference and context that are challenging to be 
detected by a computing system. Smart thermostats that leverage such a comfort sensing 
technique to support heating and cooling control should therefore use mixed-initiative 
interaction in its design.  
Although there are limitations identified in this chapter that may be challenging to address 
by a computing system (e.g., detecting if people are sick), there are many places where 
more advanced sensing and modeling can help. As discussed in Chapter 3, future research 
can explore better ways to model human thermal comfort, such as using thermal camera 
or other sensors to infer clothing level (Gao & Keshav, 2013b, 2013a), temperature 
gradient in a room, and wind velocity. Further, the machine-learning models explored in 
this Chapter 3 is still quite limited with respect to the consideration of the transition 
between warmer and cooler conditions (Ugursal, 2010). Future research may explore 
other sequence models, such as Hidden Markov Models (Juang & Rabiner, 1991) or, if 
there is enough data, Recurrent Neural Networks to better consider transition (Sak, Senior, 
& Beaufays, 2014).  
6.2 Probing Comfort-aware Eco-coaching Thermostats in the Field 
Chapter 4 articulated the design space of comfort-aware thermostats, exploring designs 
alone three design dimensions: timing of interaction, coaching approaches, and ways to 
support different decision-making models (norm activation and rational thinking). we 
created 15 design ideas with high-fidelity interfaces, and probed these ideas through an 
user enactment study.  
Overall, we identify several proactive coaching designs that can further facilitate energy 
savings or increase comfort. However, we see no one-size-fits-all solution, our participants 
often gave polarized feedback toward each design idea: while some can imagine living 
with a comfort-aware thermostat that supports a coaching feature, some participants 
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dislike these features. Among these ideas, the promising features include designing 
thermostats to more proactively make a decision before informing users, thermostats that 
offer suggestions of short-term adjustments, and thermostats that can display the impact 
of different setpoints on multiple household members’ comfort level.  
While there is no one-size-fits-all solution, through these 15 designs, we obtain a clearer 
picture on how to balance people’s various desires, including comfort, financial savings, 
energy savings, and desire of control, which inform the design of ReefSetpoint in Chapter 
5. However, Reef was studied in a simulated setting, rather than in the wild with a real 
functioning system. More research is still needed for investigate how these ideas play out 
in real households, and how they affect comfort, savings and user experience.  
6.3 Investigating the Effects of Eco-experimentation and Mutual-
learning to Machine-learning-based Comfort Modeling 
In Chapter 5, I report findings on the lived experience of ReefSetpoint –– a system that 
implements a subset of features that can be supported by comfort-aware thermostats. In 
particular, in the design of ReefSetpoint, I explore two interaction strategies to support 
mixed-initiative interaction and coaching, namely, eco-experimentation and mutual-
learning. When the “guided experimentation” strategy is used in settings to facilitate energy 
savings, we call it eco-experimentation instead to highlight the energy-saving goal of the 
experimentation. Chapter 5 shows that eco-experimentation and mutual-learning can help 
household members identify better temperature setpoints to use to achieve a better 
balance between their comfort and saving needs.  
While I collected a rich amount of qualitative and quantitative data, there are still many 
questions that I was not able to cover. These questions include: 1) In addition to supporting 
user learning, do eco-experimentation facilitate artificial agents to better learn about user 
preferences? 2) How accurate can ReefSetpoint model occupants’ comfort preferences? 3) 
What are the ways to improve learning? In the following paragraphs, I will therefore 
provide some insights to these questions, based on a preliminary analysis of the 
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quantitative data collected in deploying ReefSetpoint. 
6.3.1 Experimentation helps create more balanced dataset 
To start, based on my preliminary analysis, I do find evidence showing that 
experimentation benefits the learning of agent as well. For example, I find that there is a 
significant increase in the number and the percentage of comfort feedback labeled as “a 
little too cool” and “much too cool” compared to the data collected in Chapter 3 (Figure 
6). This effectively addresses the problem I encountered in conducting the study presented 
in Chapter 3. To construct personalized models, we need sufficient comfort reports 
covering different classes of labels. However, we collected very few comfort feedback on 
labels other than being “comfortable” in Chapter 3, as participants often used a fixed 
setpoint that would make them feel comfortable most of the time. Although collectively 
we received sufficient data to train population-based models, we were not able to train 
potentially more accurate personalized comfort models. In addition, this deficiency of data 
under different temperature conditions may also reduce the generalizability of the comfort 
 
Figure 6: (a) Percentage of reports of each comfort level by study. In 
ReefSetpoint study we received much less “comfortable” labels and much 




models. By using eco-experimentation, we did receive more diverse labels this time, 
potentially helping the agent to construct more accurate models.  
6.3.2 Accuracy of comfort modeling: population-based vs. personalized models 
Based on this more balanced dataset, I also see that ReefSetpoint can achieve 0.98 Mean 
Absolute Error (MAE) and 1.29 Mean Square Error (MSE) at inferring thermal comfort on 
a 5-level scale. Unfortunately, this performance is lower than the 0.77 MAE shown in 
Chapter 3, possibly due to the increased diversity of temperature conditions and labels in 
this dataset. If we simplify the inference to predicting whether people feel “cool” or “not 
cool”, we can achieve an accuracy of 70% based on the dataset collected in Chapter 5. For 
some participants, we can achieve an accuracy of 80% in predicting their comfort (see 
Figure 7).  
By leveraging experimentation and mutual-learning, I am also able to train a personalized 
model for each participant, thus comparing the accuracy of population-based models and 
personalized models. As mentioned previously, we were not able to do so through the data 
collected in Chapter 3, as many participants did not report enough feedback in addition to 
being “comfortable”. My preliminary analysis shows that population-based models and 
personalized-models have a similar performance in this dataset. Unsurprisingly, as we 
obtain more comfort feedback from an individual, the personalized model starts to 
 
Figure 7: (left) Comparison of different models. (right) Confusion matrix of the 




outperform the population-based models (see Figure 8). Nevertheless, the improvement is 
very marginal in this dataset.  
However, adding comfort feedback may not necessarily make a personalized model 
performs better. Based on my analysis using multi-dimensional scaling, certain people’s 
data are more easily classifiable while others are not (see Figure 9). Perhaps some people 
just have a more fixed preference, while others are not. Perhaps there are also variables 
hidden to the system. For example, the accuracy of indoor positioning system can affect 
how accurate ReefSetpoint can infer people’s comfort. While our indoor positioning system 
shows higher than 90% accuracy when tested on our testing dataset collected during our 
initial home visits, it needs further evaluation to see if the accuracy holds true once people 
start to use ReefSetpoint. More research is needed to investigate the effectiveness of 
personalized models, as well as how to improve such modeling.    
6.3.3 Feature importance 
Finally, based on the datasets collected in Chapter 3 (Sauna dataset) and Chapter 5 (Reef 
dataset), I am able to obtain preliminary insights on the importance of different sensors 
across different seasons. By using tree-based feature selection and recursive feature 
elimination, my preliminary analysis shows that nearby room temperature and outdoor 
 
Figure 8: The relationship between the numbers of comfort labels and the 
accuracy of personalized models. We see that for a few participants that reported 
more than 200 comfort feedback, their personalized models outperform the 
population-based model by around 2%. 
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temperature are always selected as the top features in both Reef and Sauna dataset. I also 
find that temperature detected by the Nest thermostat (an approximation of living room 
temperature), skin temperature and outdoor humidity are quite useful in the Reef dataset, 
while metabolic equivalent of task and galvanic skin response are quite useful in the Sauna 
dataset. The difference may be a result of seasonal difference, as the Sauna dataset was 
collected in late fall while the Reef dataset was collected in winter and spring.  
6.4 Limitations 
While I have discussed the limitations of this thesis in each chapter and in the previous 
sections, I will briefly summarize them again in this section. In this thesis, I demonstrate 
four effective strategies to support the development of wise homes, namely, light-weight 
dialogue, proactive coaching, guided experimentation and mutual-learning. These 
strategies were investigated through different research methods with different levels of 
validity. To start, in Chapter 4, I demonstrate that proactive coaching is a promising design 
 
Figure 9: Multi-dimensional scaling charts of each participant’s comfort reports. 
“Much too cool” and “a little too cool” reports are marked in blue, “just right” is 
marked in gray and “a little too warm” and “much too warm” are marked in red. 
Some participants’ data (e.g., H5a and H5b) are much more separable than others 
(e.g., H2b, H4a). 
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strategy to help people further reduce energy consumption: many participants were open 
to such a strategy, such as a thermostat that asks them to lower their heating setpoint one 
day per week to save energy. However, this study was conducted in a simulated 
environment with user enactments. It is still unclear how people would actually live with 
a thermostat that coaches them proactively. For example, while many participants 
accepted suggestions to lower their heating setpoints one time per week in the simulated 
scenario, it is unclear whether they would actually follow the suggestion in an actual 
deployment. Despite this drawback, user enactments allow us to probe a large number of 
concepts, helping us identify ideas that are more likely to succeed. Through comparing 
multiple concepts, we also gain a deeper understanding on the tradeoffs between comfort, 
savings, convenience, control and agency. This understanding allows us to more carefully 
design the ReefSetpoint system introduced in Chapter 5.  
To address the shortcomings of user enactments, we therefore conducted a field 
deployment in Chapter 5. Field deployment allows us to investigate light-weight dialogue, 
guided experimentation and mutual-learning in a fashion that allows more authentic user 
feedback. However, due to the high cost of system deployment –– it took me almost three 
years to complete the ReefSetpoint system ––– I was only able to study a small set of ideas. 
Many of the promising concepts proposed in Chapter 4 were left out in Chapter 5 due to 
insufficient time for development. In addition, even though I was able to deploy a complex 
smart home system to five households for four to five weeks, this study only represents a 
small population sample and a very limited time frame. It is still unclear how people with 
different attitudes from different areas would live with ReefSetpoint in different seasons. 
Finally, the system created in this thesis still consists of many devices and sensors that are 
costly (roughly $2000 per household), and they are still not easily deployable by end users 
without the help of researchers. In the current age, the proposed system will only be 
applicable for people that are well-resourced, with more technical expertise. However, as 
technology evolves, I believe that many of the technology components (e.g., indoor 
positioning) would be dramatically simplified and the cost would be dramatically reduced, 
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"With a bronze mirror, one can see whether he is properly attired; with history as a mirror, 
one can understand the rise and fall of a nation; with men as a mirror, one can see whether 
he is right or wrong. Now I’ve lost my faithful mirror with the death of Wei Zheng” - Emperor 
Taizong, Tang Dynasty.   
In this concluding chapter, I will revisit the core research question described in chapter 1, 
namely, how to design a wise home? Through the lens of residential heating and cooling, 
this question becomes “how to design homes to better coach their occupants to live more 
sustainably?” In this thesis, I argue that we can leverage mixed-initiative interaction to 
design such a wise home, and such a wise thermostat. I further show that lightweight 
dialogue, guided experimentation, mutual-learning and proactive coaching are four 
effective strategies to support mixed-initiative interaction in homes, helping us to move 
closer to the vision of a wise home. In the following paragraphs, I will summarize these 
four design strategies and elaborate how each of the three studies mentioned in this 
dissertation contributes to the development of these strategies.   
7.1 Lightweight dialogue  
First, I show that smart homes can leverage lightweight dialogue to better learn about user 
contexts, preferences and goals. For lightweight dialogue, I refer to the use of ubiquitous 
interfaces to engage in brief conversation with users, such as to collect feedback on 
preferences and contexts. In Chapter 3 and Chapter 5, I demonstrate two systems that 
leverage low-burden mobile and wearable interfaces to collect comfort feedback from 
occupants, thus helping the systems learn about users' comfort preferences. In addition, I 
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show that micro-interaction enabled by smartwatches offer an even better experience than 
phone-based dialogue. In sum, lightweight dialogue allows a mixed-initiative system to 
collect feedback on user preferences and contexts in a high frequency while introducing 
minimum interaction burden, facilitating the training of system that can better understand 
people’s preferences and contexts.  
While in these two studies the use of lightweight dialogue is limited to comfort feedback 
collection, in Chapter 5 I also highlight the importance of supporting repair if smart homes 
make an inappropriate decision. These ubiquitous interfaces could thus be used to support 
other types of lightweight dialogue beyond collecting feedback for personalization, such 
as remediating errors, and displaying behavior change messages.  
7.2 Guided Experimentation 
Secondly, I show that a mixed-initiative home can leverage guided experimentation to 
help occupants identify better solutions to their problems. A home can help participants 
evaluate different possible solutions by actively exploring different options. In Chapter 5, 
I demonstrate a system that can actively help household members explore different 
possible temperature setpoints to use. This study shows that guided experimentation can 
help household members identify temperature setpoints that would better satisfy their 
collective needs.  
7.3 Mutual-learning 
Thirdly, I show that a mixed-initiative home should facilitate occupants to learn about 
their own preferences and system constraints while the home is learning about their goals, 
preferences and contexts. I argue that a system which supports mutual-learning can better 
facilitate occupants to collaborate with the system, and identify better solutions to their 
problems. In Chapter 5, I show a thermostat system that leverages mutual-learning in its 
design, displaying data back to users through friendly visualizations while the system is 
collecting user feedback for training supervised machine-learning models.  
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7.4 Proactive Coaching 
Fourth, I show that smart homes can be more proactive in supporting decision making, 
such as by actively setting an energy-saving schedule to use before informing users, or 
lower temperature setpoints for one evening per week to reduce energy consumption. 
While not everyone accept such proactive system behaviors, many people find them to be 
acceptable. In Chapter 4, I evaluated many of these proactive coaching ideas through user 
enactments. The study shows that it is feasible to leverage proactive coaching, however, 
we will need to allow customization and personalization as the acceptance of these 
behaviors are influenced by people’s attitudes toward sustainability and artificial agents.  
7.5 Sensing and System Contributions 
In addition to the contribution on design strategies, this dissertation also contributes to 
the development of thermal comfort sensing. In Chapter 3 and Chapter 6, I demonstrate 
that we can leverage emerging wearable and in-home sensors with machine-learning 
techniques to achieve thermal comfort inference with an accuracy of around 70% on a 2-
level comfort scale and 0.77-0.98 Mean Absolute Error on a 5-level comfort scale.  
Finally, this dissertation also demonstrates a complex system that serves as a foundation 
for the development of a wise home. In Chapter 5, I demonstrate the feasibility of 
integrating a variety of sensors, home appliances (e.g., Nest Thermostat) and ubiquitous 
interfaces to support coaching and context sensing.  
Although it took me more than six years to develop the systems and the design strategies 
highlighted in this dissertation, this thesis only makes a small progress in moving smart 
homes towards our vision of a wise home. We are still far from this dream. I was hoping 
that my son Renzo will be able to live with such a wise home when he grows up, however, 
it seems I still have to wait for a while. It will likely take a few more decades of research 








Initial Interview Protocol in the ReefSetpoint Study
A semi-structured interview will be conducted remotely with each participant after the 
initial home visit.  
 
Script 
Hello, my name is _______, and I am a researcher at the University of Michigan School of 
Information. Today, I would like to understand how you manage your heating and 
cooling at home, how you think about energy savings. This interview will take about 45 
minutes, and it will be audio-recorded.  
 
Interview Questions (semi-structured)  
• How do you usually use your thermostat in the winter? 
o What’s the temperature you set when you are at home in the winter now? 
o Are you satisfied with this setpoint?  
o Have you change your thermostat setting this winter? Why? 
o Do you think this temperature setting is higher or lower than other 
households? Why? 
• According to (initial survey), you stated that you (have/have not) tried out many 
different temperature settings on your previous thermostat, why did you say so?  
o (If tried out many) What have you tried?  
o (If not) Why didn’t you explore other possible settings?  
• According to your response to the initial survey, you are (satisfied/not satisfied) 
with the comfort level provided by your previous thermostat, why is that?  
• According to your response to the initial survey, you state that you (would/do 
not) like to reduce energy consumption at home. Why is that? 
• (Clothing-level): What do you usually like to wear when staying at home?  
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o (If wearing lightly at home in the winter) Have you consider wearing 
more?  
• Do you find certain areas of your house to be warmer or colder than other areas?  
o Do you use that areas in the house? 
o How do you cope with the (warm/cold) when you use that area in the 
house? 
• In addition to the main heater/AC you have, do you use any other portable 
heaters or coolers? How do you use that?  
• (Multi-user) Do you feel you and your housemate have similar feeling of warm 
and cold or do you find it to be different?  
o Do you remember any experience where you feel differently than your 
housemate at home?  
o If different, how do you cope with the difference? E.g., did you adjust your 
thermostat settings to satisfy both of your needs? 
• (Attitudes toward heating and cooling as a mean) Do you think changing your 
thermostat setting is a useful way to reduce CO2 emission and resource 
consumption? Why? 
• According to your response to the initial survey, you stated that you 
(would/would not) like to live with a thermostat that automatically controls 
temperature settings based on your household member’s comfort preferences, 
why is that? 
• According to (initial survey), you stated that you (agree/disagree) to live with a 
thermostat that encourages you to put on sweaters sometimes for the purpose of 
reducing energy consumption in the winter, why is that? 
• According to (initial survey), you stated that you (agree/disagree) to live with a 
thermostat that encourages you to turn down heating temperature for a few 
degrees in the winter once a week to increase energy or financial savings, why is 




Appendix B:  
Initial Questionnaire Protocol in the ReefSetpoint Study 
Attitudes toward sustainability 
Please rate your opinion on the following statements (in terms of strongly disagree, 
disagree, neither agree nor disagree, agree, strongly agree: 
• We are approaching the limit of the number of people the Earth can support. 
• Humans have the right to modify the natural environment to suit their needs. 
• When humans interfere with nature it often produces disastrous consequences 
• Human ingenuity will insure that we do not make the Earth unlivable 
• Humans are seriously abusing the environment. 
• The Earth has plenty of natural resources if we just learn how to develop them. 
• Plants and animals have as much right as humans to exist. 
• The balance of nature is strong enough to cope with the impacts of modern 
industrial nations. 
• Despite our special abilities, humans are still subject to the laws of nature. 
• The so-called “ecological crisis” facing humankind has been greatly exaggerated. 
• The Earth is like a spaceship with very limited room and resources. 
• Humans were meant to rule over the rest of nature. 
• The balance of nature is very delicate and easily upset. 
• Humans will eventually learn enough about how nature works to be able to control 
it. 
• If things continue on their present course, we will soon experience a major 
ecological catastrophe. 
Usage and attitudes toward heating and cooling system 
• I spent a lot of effort adjusting the settings of my previous thermostat (refers to 
the thermostat you had before we install the Nest device.) 
• I have tried out many different temperature settings on my previous thermostat. 
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• I am satisfied with the comfort level provided by my previous thermostat.  
• I would like to reduce energy consumption at home to save money.  
• I would like to reduce energy consumption at home to reduce consumption of 
environmental resources and CO2 emission.  
Attitudes toward smart thermostats 
• I would like to live with a thermostat that automatically controls temperature 
settings based on my household members’ comfort preferences. 
• I would like to live with a thermostat that encourages me to put on sweater 
sometimes to reduce energy consumption in the winter.  
• I would like to live with a thermostat that encourages me to turn down heating 




Appendix C:  
Diary Study Protocol in the ReefSetpoint Study 
• Have you ever changed the thermostat settings used by Reef this week? 
o Yes/No/I don’t remember 
• What happened so that you have to change the setting? Please describe the 
incidence(s). 
• Have you ever feel uncomfortable because of the settings experimented by Reef? 
o Yes/No/I don’t remember 
• If so, how did you react to the incidence(s)? (E.g., did you override the settings 
used by Reef? Did you perform other actions to cope with the discomfort?) 
• Have you learned something new because of your usage of Reef this week? (E.g., 
does Reef help you find a different setpoint to use? Does it help you understand 
your household members’ comfort preferences?) 
o Yes/No 
• What have you learned from Reef this week? (E.g., does Reef help you find a 
different setpoint to use? Does it help you understand your household members’ 
comfort preferences?) 
• Have you encounter any other issues with Reef this week? 
o Yes/No 
• What are the issues? Please provide more detail.  
• Is there anything else that you wish Reef to improve in this week?  
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Appendix D:  
Exit Interview Protocol in the ReefSetpoint Study 
Overview 
After four weeks of Reef deployment, an semi-structured interview will be conducted 
remotely. During this exit interview, we will gain deeper insights on participants’ attitudes 
toward Reef. This interview will take 60 minutes.  
 
Interview Questions  
• How do you feel about when living with a smart home that can actively 
experiment different temperature settings under your permission?  
o Do you feel comfortable during the learning period?  
o Do you feel that you have control of your heating and cooling system? 
• According to our data, in ___% of days during the study period, you have 
performed some manual override that override the temperature experimented by 
the system. Could you recall in what situations did you overrode the settings?Do 
you find it acceptable to live with a system like this?  
o Do you think it is OK for your smart home to go through a learning process 
like this, in order to learn your comfort preferences?  
o (I want to know, even if they override the settings, do they feel fine with 
it?)  
 
[Open Reef app on the screen, using participant’s account] 
• [Reflect] Can you describe what you learned from the data provided by Reef in 
the reflect tab? 
• [Reflect - Housemate preference] After reading the Reflect tab, do you think 
you and your household have a similar temperature preference? 




o Why it is unexpected? 
o After you know about your housemate’s preference, how does it impact 
your daily behavior? 
• [Reflect] After reading Reef’s Reflect tab, what setpoint do you think may work 
the best for you?  
o I remember you say that you prefer ___, is it the same? 
o (If change) Why you think this one may work better?  
 
[Open the exit interview doc, show the relationship between temperature and comfort] 
• [Reflect] What about this graph, do you think this works better?  
• [Reflect] Also, I notice that you previously say you use __ as the setpoint, and 
even with __ as the setpoint, you feel a little too cool some of the time. Do you 
think a thermostat should choose a temperature that will make you comfortable 
all the time, or a temperature that may let you feel slightly cool some of the time. 
(What’s the threshold?)  
• [Reflect] How do you want Reef to use this knowledge to help you control the 
temperature at home?  
• [Reflect - Different factors] Aside from the temperature setpoint of the 
thermostat, were you able to identify any factors that affect your comforts via the 
Reflect Tab? 
o How did you learn about it? 
o After you know about the other factors, how does it impact your daily 
behavior? 
• (Perception of AI) Are you willing to use the thermostat in the future? 
o Why do you want to use it? 
o What benefit do you expect? 
• Conflict resolution:  
o Do you prefer Reef to use: 
§ A person’s preference to control the temperature 
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§ Find something in the middle  
§ Why? 
• Review temperature difference in rooms.  
o This is another graph we are thinking about in the future. Do you find 
anything surprising?  
• Review weekly survey 




Exit Questionnaire in the ReefSetpoint Study 
• Please look at the “Reflect” tab on the Reef mobile app, what range of temperature 
do you think will work for your house when occupants are active at home (that is, 
not sleeping) in the winter? (e.g., 69) 
• If Reef uses the data shown in the “Reflect” tab to automatically set a temperature 
in your house, you do you want it to consider individual differences when both 
persons are at home?  
• Please rate your experience living with Reef on these scales 
Incompetent ◯◯◯◯◯ Competent 
Ignorant ◯◯◯◯◯ Knowledgeable   
Irresponsible ◯◯◯◯◯ Responsible 
Unintelligent ◯◯◯◯◯ Intelligent 
Foolish ◯◯◯◯◯ Sensible 
 
• Please rate your emotional state while living with Reef on these scales: 
Anxious ◯◯◯◯◯ Relaxed 
Calm ◯◯◯◯◯ Agitated 
Unmoved ◯◯◯◯◯ Surprised 
 
• Please rate your experience living with Reef on these scales: 
o I liked the values of the system 
o The system helped me find out better temperature settings to use 
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o The system helped me understand my housemate’s comfort preferences 
o Using a system like this would help me live more comfortably 
o Using a system like this would help me reduce energy consumption 
• Please rate your experience with Reef on these scales (5-level scale, Strongly 
disagree, Disagree, Neither agree nor disagree, Agree, Strongly agree): 
o I could trust the system 
o The system was assisting me 
o I was assisting the system 
o I agreed with the way tasks were divided between me and the system 
o I would like to live with a system like this (a smart home system that will 
first undergoes a learning process for a month before activating other 
features) in the future 
• Please rate your experience living with Reef on these scales (5-level scale, Strongly 
disagree, Disagree, Neither agree nor disagree, Agree, Strongly agree): 
o I found the amount of interaction required by the system to be appropriate 
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